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The Causal Effect of Parent’s Schooling on Children’s Schooling: 
A Comparison of Estimation Methods
*
 
Recent studies that aim to estimate the causal link between the education of parents and 
their children provide evidence that is far from conclusive. This paper explores why. There 
are a number of possible explanations. One is that these studies rely on different data 
sources, gathered in different countries at different times. Another one is that these studies 
use different identification strategies. Three identification strategies that are currently in use 
rely on: identical twins; adoptees; and instrumental variables. In this paper we apply each of 
these three strategies to one particular Swedish data set. The purpose is threefold: (i) explain 
the disparate evidence in the recent literature; (ii) learn more about the quality of each 
identification procedure; and (iii) get at better perspective about intergenerational effects of 
education. We find that the three identification strategies all produce intergenerational 
schooling estimates that are lower than the corresponding OLS estimates, indicating the 
importance of accounting for ability bias. But interestingly, when applying the three methods 
to the same data set, we are able to fully replicate the discrepancies across methods found in 
the previous literature. Our findings therefore indicate that the estimated impact of parental 
education on that of their child in Sweden does depend on identification, which suggests that 
country and cohort differences do not lie behind the observed disparities. Finally, we 
conclude that income is a mechanism linking parent’s and children’s schooling, that can 
partly explain the diverging results across methods. 
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1. Introduction 
It is widely known that more educated parents get more educated children. For example, in a 
literature review published in the Journal of Economic Literature, Bob Haveman and Barbara 
Wolfe (1995) conclude that the education of parents is the most fundamental factor in 
explaining the child’s success in school. A natural question to raise then is why this is. Is it 
because more able parents have more able children? Or is it because more educated parents 
have more resources - caused by their higher education - to provide a better environment for 
their children to do well in school? We do not know, for two reasons. First, there is not much 
evidence available. It is only recently that empirical studies have begun to focus on 
establishing a causal relationship between the education of parents and their children. And 
second, the few empirical studies on the intergenerational effects of education that are around 
tend to reach conflicting conclusions. 
To understand why more educated parents have more educated children, it is important 
to learn more about the origins of these conflicting results. Is it because most of these studies 
rely on different data sources, gathered in different countries at different times? Or is it 
because these studies make use of different identification strategies? An answer is not readily 
available as there are too many uncertainties. A simple procedure, in which all the available 
identification strategies are applied to one particular data set, would help to overcome some of 
these uncertainties. Our purpose is to offer the first study that follows this procedure. Three 
identification strategies that are currently in use rely on: identical twins; adoptees; and 
instrumental variables. In case of the IV-strategy, educational reforms have commonly been 
used as instruments for education. We apply and combine each of these three strategies to a 
unique Swedish data set. 
We think this study deserves the readers’ attention for three reasons. First, this paper 
follows naturally from the review of Haveman and Wolfe (1995) (henceforth HW); it surveys 
the empirical work done since then, and it replicates and thereby tests the robustness of recent 
findings. The latter is important given the limited number of studies available. Second, this 3 
 
paper offers a methodological overview. Each of the three strategies has its own merits, 
relying on specific data requirements and identifying assumptions. A comparison between and 
combination of three different techniques should lead to a better understanding of the quality 
of each identification procedure. And third, this paper should give us a much better 
perspective on the underlying mechanisms of intergenerational influences, in particular those 
found in Sweden. 
Apart from academic reasons, policy makers would like to know whether the 
relationship between better educated parents and children is causal or not. A causal 
relationship indicates schooling externalities, and may have distributional consequences as 
well. If inherited abilities drive the academic success of children in school, then inequality in 
opportunity would merely be a reflection of the existing gene pool, leaving scant room for 
pro-education policies. If, on the other hand, the parent’s education were primarily 
responsible for the child’s success in school, then improving the educational achievement 
would not only increase education and reduce the inequality in educational opportunity for 
future generations, but also affect their level and distribution of income. Thus, the causal 
intergenerational effect of schooling is informative about spill-over effects and indicates a 
broad range of returns to educational investments, and the implications for public policy are 
therefore huge. 
This paper continues as follows. Section 2 briefly surveys the empirical work done 
since the review paper of HW. We present studies that focus on causation and not association. 
Section 3 sets out the various identification strategies. Section 4 describes our dataset. In 
section 5 we replicate, present and compare our parameter estimates to those estimates 
reported in previous studies. Our goal here is to produce internally consistent estimates and 
compare them to estimates in the literature. In section 6 we deal with issues related to external 
consistency: we investigate the role of incomparable samples across methods and whether 
intergenerational education effects are non-linear. In section 7, we look at some potentially 
important mechanisms explaining the intergenerational transmission process. Section 8 
concludes.  4 
 
2. A Review of Recent Empirical Studies 
Recent years have seen an upsurge of intergenerational mobility studies that contrast with 
earlier efforts and make a distinction between causation and association. Table 1 summarizes    
the studies that estimate intergenerational schooling effects and attempt to control for the role 
of inherited abilities.  
The studies we refer to have been based on three different identification techniques: 
twins, adoptees and instrumental variables. Identification in the twins approach comes from 
differences in education within pairs of identical twins; the difference in twin parents 
education is used to identify effects on their children. The adoption strategy relies on the fact 
that there is no genetic transmission from parents to their adopted children. And finally, the 
studies adopting instrumental variables take advantage of education reforms where - in our 
case - changes in compulsory schooling laws are used to instrument for parental education.   
Besides variation among identification methods, another complication in comparing the 
findings of different intergenerational mobility studies is the potential variation in estimation 
techniques, model and variable specifications, and the choice of control variables in the 
model. With respect to estimation techniques and model and variable specifications, the 
studies we focus on show little variation. Almost all studies use least squares and regress 
school outcomes of children on the same school outcomes of parents, mostly measured by the 
number of years of schooling attained. With respect to the choice of control variables in the 
model, however, there appears to be less overlap. In particular, there is variation among the 
studies in whether or not to include control variables that relate to the age of parents and their 
children, and spousal education. We briefly list the main arguments in favour or against 
including controls for age and spousal education.  
If we begin with age, it is possible that trends in educational attainment interfere with 
the estimated intergenerational schooling effects: in Sweden, for example, there has been a 
substantial growth in the number of women going to university. In this case, age variables (of 
either parent or child) are the natural candidates to include as additional regressors in 5 
 
intergenerational mobility models to obtain detrended estimates. If, on the other hand, 
parental schooling has an impact on the timing of childbearing - more schooled mothers are 
more likely to postpone motherhood - mobility specifications should not include the age of 
both parents and children. Together, these variables define the parent's age at childbirth, 
which is endogenous. A common solution to this problem is to run intergenerational mobility 
regressions with and without the parental age variables. In most cases the intergenerational 
effect estimates appear to be insensitive to the inclusion of parental age variables.  
It is also not clear whether one should include spousal education as an additional 
explanatory variable. Without the inclusion of the partner’s schooling, the effect of parental 
schooling as it is estimated represents both the direct transfer from the given parent and the 
indirect transfer from the other parent, which is due to assortative mating effects. Note that if 
parents would have randomly met and married, this is not an issue because the inclusion of 
the partner’s schooling would have no effect on mobility estimates. With the inclusion of the 
partner’s schooling, the estimated transmission effects measure the effect of an increase in a 
parent’s schooling on the schooling of his or her child, net of assortative mating effects. The 
preferred specification depends, we think, on the (policy) question that is raised or analyzed.  
If, for example, we are interested in the schooling of the children, we should not care whether 
parental schooling effects run through assortative mating or something else. On the other 
hand, if we are interested in the consequences of raising the schooling of mothers but not 
fathers, we must quantify assortative mating effects and include the schooling of both parents 
simultaneously.
1  
For most of the studies presented in Table 1, we tabulate the main characteristics of 
data sources, identification strategies, relevant model and variable specifications, and the 
corresponding mobility estimates. In particular, we report four estimates that aim to measure 
the effect of the parent’s education on that of her child: two intergenerational effect estimates 
for fathers and mothers that ignore the correlation of educational attainment with unmeasured 
                                                                
1 This may indeed be relevant for policy makers. In Bangladesh, Mexico or Pakistan, for example, there are gender 
specific programs that aim to raise the schooling of girls but not boys (Paul Schultz 2002; Jere Behrman and Mark 
Rosenzweig 2005) 6 
 
ability, and two that control for ability transmissions. Some of the studies also aimed to 
control for assortative mating effects; if so we include those intergenerational effect estimates 
as well. 
There are a number of common features of these studies when we consider the 
estimates reported in the first two columns. All the estimates indicate that higher parental 
education is associated with more years of schooling of own children, and that in most cases 
the influence of the mother’s schooling is somewhat larger than that of the father. The results 
are, as such, fully in line with those findings reported and summarized in HW. Second, those 
studies that control for assortative mating effects indicate that the partial effects of both 
parents’ schooling fall, yet always remain positive. It is interesting to see that the partial 
schooling effects of both parents are almost always identical, except for Behrman and 
Rosenzweig (2002) (henceforth BR) who find that the father’s schooling is the most 
important. 
But the fundamental problem with interpreting these intergenerational mobility 
estimates is that they all ignore the strong correlation of parental schooling with unobserved 
ability. Better educated parents are on average better endowed than less educated parents, and 
they tend to produce children who do well in school by virtue of better genes. It would be 
better to have information on that part of the mother’s and father’s schooling that is 
uncontaminated by family genes but still responsible for the school success of future 
generations. These estimates are reported in the last two columns. 
We begin with the within-twin estimates. Based on monozygotic twin parents from 
Minnesota, identical in their endowments including inborn abilities and shared environment 
but different in their educational attainment, BR find that the mother’s education has little, if 
any a negative impact on the education of her child. Once they look at monozygotic twin 
fathers and difference out his endowments that influence their children’s education, the 
influence of father’s education remains positive and statistically significant. Kate Antonovics 
and Arthur Goldberger (2005) challenge these results, and test the robustness of BR’s findings 
to alternative school codings and sample selections. Yet with the twin sample restricted to 7 
 
twins with children 18 years or older, all having finished school, they also produce positive 
schooling effects for fathers and no (or much smaller) effects for mothers. In fact, in most of 
their alternative samples using various parental schooling measures, within-twin estimates of 
maternal schooling effects are lower than those for fathers, which are always positive. Our 
conclusion is that the mother’s schooling has little impact on the schooling of her child, 
holding everything else (including unobserved ability factors of either mother or father) 
constant.   
A strategy to account for genetic effects is to use data on adopted children. If adopted 
children share only their parents’ environment and not their parents’ genes, any relation 
between the schooling of adoptees and their adoptive parents is driven by the influence 
parents have on their children’s environment, and not by parents passing on their genes. In the 
economics literature, a series of recent papers (Lorraine Dearden, Steve Machin and Howard 
Reed 1997; Bruce Sacerdote 2002, 2007; Plug 2004; Anders Björklund, Lindahl and Plug 
2004, 2006) have begun to estimate intergenerational schooling effects on samples of parents 
and their adopted children. On relatively small samples, the studies of Dearden, Machin and 
Reed (1997) and Sacerdote (2002) regress the adopted son’s years of schooling on his 
adoptive father’s years of schooling, and report positive and significant effects that are almost 
identical to the effects found for fathers and their own-birth sons. They therefore conclude 
that background/environment factors are indeed important for intergenerational transmissions. 
The other studies that obtain identification from adopted children using much bigger samples 
find that the parental effect estimates falls somewhat for fathers but much more so for 
mothers, when moving from samples of own birth children to samples of adoptees.  
One concern, however, is that in most adoption studies it is difficult to establish a 
causal relationship between the schooling of parent and child because of selective placements. 
If adoptions are related or if adoption agencies use information on the natural parents to place 
children in their adoptive families, the parental schooling estimates possibly pick up selection 
effects. Two adoption studies control for this matching correlation. Sacerdote (2007) uses 
information on Korean American adoptees who were randomly assigned to adoptive families. 8 
 
Björklund, Lindahl and Plug (2006) (henceforth BLP) use additional information on the 
adoptees’ biological parents to control for the impact of selective placements. Both studies 
find selection to be important for mothers. Sacerdote (2007) finds that adopted mother’s 
education has an impact on the education of the children. BLP find both adoptive (as well as 
their biological) parents’ education to be important, even though the impact of the adoptive 
mother’s education is very small when education of the spouse is controlled for. The 
conclusion from both studies is that parental education has an impact on the education of the 
children, even when selective placement is taken into account. 
In sum, whether adoptees are raised in Wisconsin, other U.S. states, or Sweden, these 
studies always find positive and statistically significant schooling effects when mother’s and 
father’s schooling are included as separate regressors. Provided that these models are 
correctly specified, the range in which family genes are responsible vary between 15 and 80 
percent, and average out at 50 percent. Note that these percentages include assortative mating 
effects. When these adoption studies control for assortative mating effects and include 
mother’s and father’s schooling simultaneously, they find that mother’s schooling effect is not 
bigger but mostly smaller than that of her husband. The bulk of the evidence, thus, indicates 
that for the child’s schooling, nurture is indeed an important factor.
2 Since these studies also 
lend some support to the notion that the nurturing contribution of father’s schooling is 
somewhat bigger than that of his wife, these results are in this respect comparable to those 
obtained in previous twin studies. However, a difference is that adoption studies generally 
find positive effects of mother’s education, at least when the control for spouse’s education is 
omitted. 
Recent IV studies exploit reforms in the compulsory schooling legislation to identify 
the effect of parent’s schooling on their children’s. Black, Devereux and Salvanes (2005) 
(henceforth BDS) use changes in compulsory schooling laws introduced in different 
Norwegian municipalities at different times during the sixties and early seventies. Because 
                                                                
2 Sacerdote (2000, 2002) and Plug and Wim Vijverberg (2003) focus on nature/nurture decompositions and 
interpret the difference between own-birth and adoption effects to measure the relative importance of inherited 
abilities. 9 
 
compulsory schooling increased from seven to nine years, some parents experienced two extra 
years of schooling than other parents similar to them on any other point but their year and 
municipality of birth. As such, the reform generates exogenous variation in parental schooling 
that is independent of endowments. Using the timing of the reform to instrument for parental 
schooling, BDS produce mobility estimates that are imprecise and statistically insignificant. 
When they restrict the sample to those parents with less than 10 years of education, assuming 
that the reform has little bite for those acquiring more than that, their precision increases. 
They then find no effect of father’s schooling and a positive but small effect of mother’s 
schooling (which is primarily driven by a relationship between young mothers and their sons). 
The larger variation in compulsory schooling reforms together with their sample-selection 
rule should enable BDS to arrive at more precise estimates than comparable IV studies.
3 
Arnaud Chevalier (2004), for example, also uses a change in the compulsory schooling law in 
Britain in 1957. He finds a large positive effect of mother’s education on her child’s education 
but no significant effect of paternal education. Note, however, that a limitation of his study is 
that the legislation was implemented nationwide; as a result, there is no cross-sectional 
variation in the British compulsory schooling law.  
If information on the children’s years of schooling is not available because children are 
too young, and still live with their parents, researchers often rely on intermediate schooling 
outcomes that are available, such as test scores or grade repetition.
4 To date there are three 
instrumental variable studies that link the years of schooling of parents to these intermediate 
outcomes of children (Philip Oreopoulos, Marriane Page and Ann Huff Stevens 2003, 2006; 
Pedro Carneiro, Costas Meghir and Matthias Parey 2007; Eric Maurin and Sandra McNally 
2008). We restrict our discussion to grade repetition, which is one of the outcomes these 
                                                                
3 Many empirical studies that make use of comparable compulsory school law changes in the United States, for 
example, rely on schooling variation across 50 different states. In Norway BDS exploit a much larger source of 
municipality-variation. The Norwegian reform to increase compulsory schooling from 7 to 9 years was phased 
across more than 700 municipalities between the years 1959 and 1973.  
4 There are different ways to deal with samples in which not all children have finished their schooling. One 
alternative to intermediate outcomes is to use methods to correct for the censored observations. Monique de Haan 
and Plug (2006) investigate the consequences of three different methods that deal with censored observations: 
maximum likelihood approach, replacement of observed with expected years of schooling and elimination of all 
school-aged children. Of the three methods, the one that treats parental expectations as if they were realizations 
performs best. 10 
 
studies have in common. The study by Oreopoulos, Page and Stevens (2003) uses U.S. 
compulsory schooling reforms, which occurred in different states at different times and finds 
that when the mother’s and father’s schooling are included as separate regressors, the 
influence of the mother’s and father’s schooling on grade repetition are equally important.
5 
Results do not change when they use a restricted sample of low-educated parents. This IV 
study, and the one by BDS, obtains identification from compulsory schooling extensions and 
therefore estimates intergenerational mobility effects among lower educated parents. One 
concern could be that parental schooling effects are transmitted differently, and perhaps more 
successfully, among higher educated parents. The two remaining studies, by Carneiro, Meghir 
and Parey (2007) and Maurin and McNally (2008), address this concern and consider grade 
repetition as outcomes but focus on variation in higher education. With instruments that are 
very different (county-by-year variation in tuition fees and college location in the U.S. versus 
year-by-year variation in the quality of entry exams in French universities), their results 
suggest that parental education matters in lowering repetition probabilities. 
Most of the IV studies we refer to suffer from two weaknesses. First, most of the 
instruments used require identification assumptions/exclusion restrictions that may not hold in 
practice. Except for the compulsory schooling instruments in Norway and the U.S., the 
instruments used are either statistically weak (tuition fees and college location) or depend too 
much on year by year variation, or do not distinguish instrument from cohort variation and are 
therefore less convincing (exam quality, U.K. school reforms). Second, it remains unclear 
how informative the intermediate outcomes are when it comes to assessing intergenerational 
schooling effects. With these weaknesses in mind, we are inclined to take the results of BDS 
most seriously. 
  In sum, we think that all these twin, adoption and IV findings suggest schooling itself is 
                                                                
5 The specification most commonly used in the literature regresses school outcomes of children on years of 
schooling of mothers, fathers or both. Oreopoulos, Page and Stevens (2006) use the sum of the mother’s and 
father’s years of schooling as their parental schooling regressor and argue that when mother’s and father’s 
schooling are included simultaneously to allow for assortative mating effects, their estimates are too imprecise. 
In their working paper version, however, they do report results without controlling for assortative mating effects. 
These are the results that we refer to in Table 1. 
 11 
 
in part responsible for the intergenerational schooling link: more educated parents get more 
educated children because of higher education. It is unclear, however, whether it is the 
schooling of the mother, the schooling of the father or the schooling of both parents that is the 
decisive factor. The estimates in the last two columns of Table 1 appear to be too diverse to 
establish one consistent pattern. Recent twin and adoption studies point to the father, whereas 
recent IV studies point to the mother as having the strongest impact. Where these differences 
come from, we do not know. In the following sections we will focus our attention on finding 
possible answers. 
3. Causal Modelling of Intergenerational Schooling Effects 
To evaluate the empirical studies that attempt to estimate the causal relationship between the 
education of parents and their children, we need a methodological framework to clarify and 
judge the credibility of the identification methods used. This section provides such a 
framework and discusses the implications for estimation. We start with a model of 
intergenerational income mobility by Gary Solon (2004), inspired by Gary Becker and Nigel 
Tomes (1979, 1986), to understand why the schooling of one generation may matter for the 
schooling of the next one, and to arrive at regression equations that are commonly used to 
estimate intergenerational associations of schooling. We then continue and discuss how we 
(aim to) identify and estimate the causal schooling link between parent and child using 
identical twins, adoptees and natural experiments. 
3.1 Theoretical Framework 
In this particular intergenerational model, we assume that a single parent (p) with one child 
(c) spends all of her (lifetime) after-tax income 
p Y  on own consumption 
p C  and investment 
in her child
p M . This implies that  
p p p M C Y + =               ( 1 )  12 
 
The child’s schooling 
c S is assumed to depend linearly on the logarithm of parent’s 
investment 
p M , and some component 
p N which represents the combination of everything 
else the parent provides a child. 
p p c N M a S + = ln 1              ( 2 )  
In this schooling production function, the parameter  1 a   measures the effect of parental 
investment on the child’s schooling, where marginal effects fall with increasing investments. 
In our model 
p M is endogenously determined. The other input 
p N is exogenously determined 
and represents ”everything else” that the child receives from his/her parent: 
p N includes the 
parent’s genes 
p h  that are passed on automatically, child-rearing talents 
p f  that contribute 
to a better environment for the child to do well in school, and 
p S , which is included to allow 
for intergenerational education transmission channels that do not work through parental 
investments. To be clear, child-rearing talents 
p f  are not necessarily inborn, but are given 
prior to any educational investments, and are as such unaffected by parental schooling 
(although the child-rearing talent itself might influence the investment decision). The 
component 
p S  on the other hand, represents a combination of factors that result directly from 
parental education, but that do not operate through income. Such factors are for example role 
model effects (children seek to attain the educational level of their parents), teaching effects 
(more educated parents are more efficient at helping their children with schoolwork) or the 
fact that more education might alter parental preferences for education more generally. If we 
assume a linear relation, the effortless component 
p N in (2) can be written as  
p p p p p f q h q S q N ε + + + = 3 2 1 ,            ( 3 )  
where  1 q ,  2 q  and  3 q  measure how much of the child’s schooling is determined by parent’s 
schooling (through other channels than income), genes and child-rearing talents and where 
p ε  represents a specific idiosyncratic shock. And finally, we assume that income is 
determined by the stock of human capital, defined by years of schooling S , heritable 13 
 
endowments  h , and child-rearing endowments  f , and follows a standard Mincerian 
specification 
cp cp cp cp cp cp cp cp f p h p S p Y ω + + + = 3 2 1 ln ,          (4) 
where  1 p ,  2 p  and  3 p capture the returns to all three human capital traits, and the error ω 
represents an individual-specific idiosyncratic income shock (which is assumed to be 
independent of 
p ε ). The superscripts allow for the returns to be different across generations. 
We now turn to the theory of parental investment, and assume that the parent allocates 
her own income to maximize her own utility function, which we take to be the Cobb-Douglas 
in the child’s income and own consumption  
p c p C b Y b U log ) 1 ( log 1 1 − + = .           ( 5 )  
where the parameter 1 b measures the relative preference for the child’s income as against own 
consumption. Maximizing (5) subject to (1), (2) and (4), gives the optimal amount the parent 




p Y p b a Y
p b a b
p b a
M ) , , (
1
1 1 1
1 1 1 1
1 1 1 Λ =
+ −
= .        (6) 
Comparative statics indicate that the parent’s investment increases with the productivity of 
investment 1 a , her degree of altruism  1 b , and the returns to her child’s schooling
c p1 .
6 If we 
substitute (6) into the child’s school production function (2) we get the link between parent 
and child that arises because parents invest in their children’s schooling. Together with (4) 
and (3) we establish the school link between different generations and arrive at the equation 
we are looking for  
c p p p p p p p c a f q p a h q p a S q p a S ε ω + + + + + + + + Λ = 1 3 3 1 2 2 1 1 1 1 ) ( ) ( ) ( ln ,   (7) 
Using reduced-form notation, the intergenerational model of schooling is written as  
                                                                
6 To let  Λ be an increasing function in  1 a  and  c p1  we must assume that  1 0 1 1 ≤ ≤ c p a . This assumption is likely to 
be met. The estimated returns to schooling  c p1 fall generally in the range of 0.05-0.15. The range of estimates of 
the marginal product for parental investments  1 a depends on how and when family income is measured and is 
therefore much wider. However, none of the reported productivity estimates has ever been large enough to push 
the returns to parental investments  c p a 1 1 above 1. 14 
 
01 1 1
cp p p c SS h f e δδ =+ + Γ+ ϒ +.            ( 8 )  
This is the model we estimate.
7 The coefficient  1 δ is determined by two components. The first 
is due to capital-market imperfections, and is determined by the product of the effect of 
parent’s investment in children’s schooling, and the returns to education for the parents. The 
second component captures everything else causally relating parent’s and child’s education, 
but that is unrelated to parental income.  
In this paper we focus our attention on the reduced-form parameter  1 δ  that measures 
the effect of changes in parent’s schooling on child’s schooling, net of changes in her 
endowments. The  1 Γ  and  1 ϒ coefficients capture these endowment effects. Note that  1 Γ  and 
1 ϒ  also reflect income and time allocation effects if endowment effects operate through 
income as well. 
With observed schooling outcomes using conventional samples of parents and their 
own-birth children, direct estimation of (8) does not identify  1 δ . In a bivariate regression of 
c S  on 
p S  where the least-squares estimator has the following properties 
11 1 1
cov( , ) cov( , ) ˆ lim






δδ =+ Γ + ϒ       (9) 
it is easy to see that identification of  1 δ  requires the  1 Γ  and  1 ϒ coefficients to be zero or the 
unobserved endowments 
p h  and 
p f  to be unrelated to the parent’s observed years of 
schooling. These assumptions are (obviously) too strong. If, for example, more able parents 
have more schooling, and if part of this ability is transmitted to their children by nature, 
nurture or both, it follows that the correlations between 
p p h S ,  and 
p f  and the coefficients 
1 Γ  and  1 ϒ  are nonzero and positive, and that the estimate of  1 δ  is too high. But the bias 
could go the other way as well. If people with child-rearing talents prefer children over 
                                                                
7 To arrive at this intergenerational mobility model we have made some arbitrary functional form assumptions 
regarding the parent’s utility and child’s school production function, and we have ignored that parents choose their 
spouse and between the quality and quantity of children. We are aware of these limitations. In this paper, however, 
we just aim to arrive at a model that is simple and tractable, yet rich enough to be informative about the (many) 
underlying mechanisms involved in the process of intergenerational transmissions of schooling. 15 
 
schooling, and the correlation between schooling and child-rearing endowments is negative it 
is also possible that the estimate of  1 δ  is too low.
8 Whether the bias is pushing  1 δ  up or 
downwards is, in the end, an empirical question. One that we aim to pursue in this study. 
The previous literature has relied on three alternative identification procedures to 
estimate the parameter  1 δ : twins, adoptees and instrumental variables. In what follows, we 
establish whether each of these methods can give us a consistent estimate of the 
intergenerational schooling effect. In this section we focus on those assumptions necessary to 
attain internally consistent estimates. Later, in section 6, we discuss those assumptions needed 
to generalize the findings to the population of all children. Evaluation of these procedures in 
terms of their internal and external validity will help us in comparing the three different 
techniques. 
3.2 Identification 
Twins. The twins approach exploits the idea that unobserved differences in the inherited and 
child-rearing endowments h  and  f  that bias the least squares mobility parameter  1 δ  are 
removed, or at least reduced, within twins. If we take the difference in schooling between the 
children of twin parents we get  
111
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Identification depends on whether the twin parents are identical or not. There are two 
identifying assumptions: (a) twin parents are identical in their endowments h  and  f ; and (b) 
twin parents are non-identical in their amounts of schooling, and these differences in 
schooling are exogenously determined. Given these assumptions, the impact of the 
endowments  h  and  f  is differenced out, 
c ε Δ is independent of 
P S Δ , and the twin-fixed 
effects estimator of  1 δ  is obviously consistent. These assumptions, however, may not always 
hold in practice.   
                                                                
8In a labour market context Zvi Grilliches (1977) puts forward a related argument to explain why more able 
workers have less schooling (through higher foregone earnings). Again, this opens the possibility of selection 
effects that operate in opposite directions.  16 
 
The first assumption of identical endowments, for example, applies more likely to 
monozygotic twins than to dizygotic twins. Monozygotic twins are genetically identical. 
Dizygotic twins share on average about 50 percent of their genes. The particular twin sample 
used in this study contains both monozygotic and dizygotic twins. This means that without 
information on zygosity, some of the inborn endowments remain with differencing, and that 
the corresponding selection effect is likely smaller but not eliminated. To assess the 
seriousness of the remaining bias, we provide meaningful lower and upper bounds on the true 
parameter  1 δ  by estimating a similar mobility relationship on a sample of closely spaced 
same-sex siblings, and then examine different combinations of the twin and sibling estimators 
using additional information on the fraction of identical twins in our twin sample. The 
derivation of these lower and upper bounds has been relegated to Appendix A. 
The second assumption has been called into question too. John Bound and Solon 
(1999), for example, emphasize the importance of unobserved heterogeneity in within-
identical-twin estimates for schooling. Since twin identification requires that monozygotic 
twins are almost but not exactly identical, they wonder to which extent the forces that led 
some identical twins to end up with non-identical amounts of schooling are randomly 
determined. If the school differences of twins are endogenously determined, it is possible that 
the estimate of  1 δ  is still biased, even in case the inborn endowments are fully controlled for. 
In our model the heterogeneity that remains is represented by that part of
p f  that is not inborn 
but acquired in early childhood and specific to each child. Non-random school differences 
occur, for example, when parents treat their twins differently in response to these non-genetic 
differences. If one of the twins is, for some unknown reason, more promising than the other, 
equity-driven parents may decide to provide additional tutoring to the least promising twin. If, 
on the other hand, parents are more efficiency driven, they may choose to invest more in the 
schooling of the more promising twin. Depending on whether 
c ε Δ  and 
P S Δ  are positively or 
negatively correlated, our estimates of  1 δ  are either upward or downward biased.  
There is little empirical evidence that documents the extent to which unobserved 17 
 
heterogeneity among monozygotic twins is random or not. A few papers have considered a 
number of plausible candidates. Orley Ashenfelter and Cecilia Rouse (1998) observe that 
parents of twins tend to select names that are very similar in sound and/or writing, and argue 
that parents find it difficult to treat their twin children in any other way than identically. 
Gunnar Isacsson (1999) considers various psychological measures, including the degree of 
psychological instability, as potential sources of heterogeneity among Swedish-born 
monozygotic twins. In his twin study, however, he finds no effect of emotional instability on 
schooling.
9 If we assume that this particular measure of emotional stability proxies child-
rearing skills, this measure is most relevant to our paper. And Behrman and Rosenzweig 
(2004) report that within-identical-twins differences in schooling correlate strongly with birth-
weight differences in the U.S., and argue that much of the unobserved heterogeneity can be 
traced back to non-genetic birth-weight differences.  Black, Devereux and Salvanes (2007) 
similarly find twin-differences in birth weight to be correlated with twin-differences in 
schooling in Norway, and that the magnitude is similar to the cross-sectional estimate. 
Dorothe Bonjour et al. (2003) do not find twin-differences in birth weight to be correlated 
with twin-differences in schooling, using a sample of U.K. twins. Without information on 
birth weights, and without any clear indication of what the unobserved characteristics might 
be that make identical twins different, within-twin school differences must be exogenously 
determined to draw causal inferences.  
Apart from the problem of unobserved heterogeneity within twin parents, there is also 
the issue that twin parents are, almost by definition, different from each other because they are 
married to different spouses. If both parents, including the twin parent and spouse, shape the 
school outcomes of children, this means that the parental school effects as estimated in (10) 
will not only capture the impact of the schooling of twin parents but also the impact of the 
                                                                
9 To gain further knowledge on this issue, we are grateful to Gunnar Isacsson for conducting additional analysis on 
our behalf, using an alternative sample of twins that is more comparable to the one analyzed in this paper. Using a 
sample of 2,482 female and 2,086 male Swedish MZ twins born 1943-1955, he regressed years of schooling on the 
psychological instability measure scaled in percentile rank points, controlling for birth year indicators, also 
including those twins with missing earnings. Using OLS, we find that one standard deviation unit higher score on 
the psychological instability index, is associated with 0.14-0.15 fewer years of schooling for males-females. And 
these estimates are statistically significant. Controlling for twin-pair fixed effects, the estimates decrease (to 0.04 
and 0.004) and are statistically insignificant.  18 
 
inborn endowments and schooling of their spouses, which are due to assortative mating. 
There is some confusion in the literature as to whether we should classify the unobserved 
heterogeneity caused by the spouse as bias or not (see discussions in Behrman and 
Rosenzweig 2005; Antonovics and Goldberger 2005). Unobserved heterogeneity bias is 
absent if we would interpret the within-twin parent estimator inclusive assortative mating 
effects. Unobserved heterogeneity bias, however, is present if we would like to estimate 
parental schooling effects net of assortative mating effects. It turns out to be difficult to 
separate out the influence of the twin parent from the influence of the spouse. The reason is 
that potential influences of observed and unobserved characteristics of the spouse (including 
schooling and inborn endowments) are not cancelled out in our within-twin regressions. With 
spousal schooling included in (10) the within-twin parent estimator would still be biased 
upwards if more schooled twin parents marry partners with more favorable endowments.  
One other problem that receives much attention is the problem of measurement error. In 
fact, the empirical twin literature rather devotes attention to the problem of measurement 
error, than to the problem of unobserved heterogeneity. It is well known that random 
measurement error biases any estimated effect to zero, and that within-twin differencing likely 
amplifies the downward bias. In this particular context, Ashenfelter and Alan Krueger (1994) 
warn us that school measures of twins are often measured with error. In this study, 
educational classifications are largely drawn from high quality registers, which makes us 
believe that measurement error is less of a problem. To test this, however, we are also able to 
link part of our register sources to a secondary data set, construct reliability ratios, and correct 
our estimates for measurement error bias. In Appendix A we derive a consistent MZ twin 
estimator in the case of classical measurement error in schooling without information on 
zygosity. 
 
Adoptees. The adoption strategy to identify  1 δ  exploits the idea that adoptees do not share 
their adoptive parents’ genes. If we think of adoption as a natural experiment where babies 19 
 
given up for adoption are randomly placed in their adoptive families, we may either assume 
that unobserved heritable endowments of the adoptees’ biological and adoptive parents are 
uncorrelated (or that the Γ coefficients are zero). Then for adoptees the schooling function in 
(8) is written down as  
01 1
cp p c
i SS f δ δε =+ + ϒ +            ( 1 1 )  
Identification of  1 δ  now rests on three assumptions: (a) adoptees are randomly assigned to 
adoptive families; (b) children are adopted at birth; and (c) the parent’s child-rearing talent 
and observed resources are unrelated.
10 
The first two requirements can arguably be handled for foreign adoptees where the 
mechanism of assigning children to their adoptive parents is fairly random. With foreign 
adoptions, the absence of genetically related matches is obvious. However, non-random 
matches may still occur when adoption agencies have information of the adopted child’s 
natural parents. Accessibility, however, is limited, especially for foreign adoptees. We refer to 
Appendix B for a detailed description of the institutional details governing the adoption 
process in Sweden. Most adoptive parents do not know who the biological parents of their 
adopted children are. They know - like we do - the adoptees’ country of origin. In the 
empirical adoption analysis we therefore include country/region-of-origin fixed effects.  
In the literature, tests have been performed where pre-treatment variables for foreign 
adoptees have been regressed on the schooling variables of the adoptive parents. With random 
assignment, we should see no relationship between adoptee’s and parent’s characteristics. For 
a sample of Korean adoptees adopted by U.S. parents, Sacerdote (2007) finds no evidence of 
non-random assignment for pre-treatment variables such as gender of adoptee and age of 
adoption. We present additional evidence of this matter by regressing pre-treatment variables 
such as gender of adoptee, average economic level in birth country and age of adoption on the 
                                                                
10 Another issue is that children who are given up for adoption, may be different from other children because of the 
adoption itself. If, for example, indications that adopted children reveal more emotional problems than their class 
mates – see Michael Bohman (1970) for some Swedish evidence – reflect causal effects of adoption, an outcome 
like educational attainment might also be affected. As long as these differences are unrelated to the parental 
schooling, any real adoption effect will not bias our intergenerational adoption estimate. Still this might be more 
relevant for interpreting the adoption estimates as externally valid. We return to this issue in section 6. 20 
 
schooling of the adoptive parents. Our adoption strategy further requires that children move to 
their adoptive parents immediately at birth. We therefore also report estimates from 
regressions focussing on foreign adoptees adopted within the first 6 months of their lives. 
Intergenerational adoption effects can also be estimated on native-born adoptees. In this 
paper we run regressions on a smaller sample of Swedish-born adoptees. These children have 
the benefit of being more comparable to non-adopted Swedish children. However, it is less 
likely that these children are randomly assigned to adoptive parents. BLP find that schooling 
of the biological parents of adoptive children is correlated with schooling of the adoptive 
parents. Hence, adoptees born in Sweden in the early 1960s are not randomly placed in their 
new families. We also perform some test of this for a sub-sample where we have some 
information on biological parent’s characteristics. If there is no association between the 
schooling of the adoptive and biological parents, we expect the adoption process to be fairly 
random. If the adopted children are genetically related to the adoptive parents our 
intergenerational estimations, using Swedish adoptees, will be too high.
11 For Swedish 
adoptees the adoption age of the children is not recorded. This could bias the intergenerational 
estimates in the opposite direction. However, BLP show that Swedish adoptees (at least those 
born in the first half of the 1960s) in general are adopted at an early age. 
  The third assumption requires that the unobserved non-genetic characteristics of the 
adoptive parents and the outcome variable are unrelated. This is the only assumption we 
cannot handle or test for in any of the adoptive samples. This means that one must (either 
assume that 
p S  and 
p f  are independent, or) interpret  1 δ  as an estimate of the effect on the 
adopted child’s schooling of the adoptive parent’s schooling and everything else that is 
correlated with the adoptive parent’s schooling and has an independent effect on  1 δ , net of the 
genetic transmission. We already mentioned that it is not a priori clear whether we should see 
this estimate as an upper or lower bound. It depends on whether 
p f  and 
p S  act as 
complements or substitutes. Since the adoption strategy does not net out the transmission 
                                                                
11 The intergenerational mobility estimates in BLP are, however, hardly tainted by selective placements. 21 
 
from child-rearing talents 
p f , we can therefore already at this stage expect that, regardless of 
the direction of the bias, adoption estimates should be different from those produced using 
twin-fixed effects and instrumental variables. 
If we simultaneously want to estimate schooling impacts for both parents, 
generalization of the adoption framework is straightforward; we simply add spouse’s 
schooling to equation (11). The bias caused by both parents’ heritable endowments is then 
eliminated. The inborn child-rearing talents of both adoptive parents, however, still remain. If 
better educated parents choose their marriage partner for his/her parenting skills, any bias due 
to unobserved parenting skill is then exacerbated. 
 
The compulsory school reform as an instrument. The third strategy considers multi-
generational information that does not rely on twins or adopted children but identifies 
intergenerational schooling effects using an instrumental variable approach. We estimate the 
effect of parental schooling on child’s schooling by exploiting a reform in compulsory 
schooling laws in Sweden during the fifties and early sixties to draw causal inferences. This 
reform extended compulsory schooling uniformly to nine years. Before the reform 
compulsory schooling took seven years in some municipalities while eight years in others. We 
are unable to make a distinction between the two types. The reform was cohort- and 
municipality-specific, and was implemented in different municipalities at different times. So 
the idea is fairly simple. Since the reform determined whether or not an individual attended 
the “old” or “new” compulsory school, some parents experienced one or two extra years of 
schooling than other parents similar to them on any other point but their birth year, and 
municipality of residence. These discontinuities are then used to identify the causal effect of 
parental schooling on child schooling. Appendix B describes the compulsory school reform in 
more detail. 
For the IV strategy, the empirical counterpart of our model boils down to the following 








X S REFORM X e γγ δ =+ + +       ( 1 3 )  
p X  is a vector of covariates that includes sets of year-of-birth and municipality-of-residence 
dummies (sometimes interacted with a time trend) of the parent, and, for simplicity, we let the 
heritable component 
p h  and the child-rearing component 
p f  be included in the error term 
c e in equation (12). 
P REFORM  is an indicator that takes the value one if the parent belongs 
to a birth cohort that was subject to extended compulsory schooling in the particular 
municipality, and zero otherwise. The empirical model is estimated using two stage least 
squares, where (13) serves as the first stage using 
p REFORM  as the instrumental variable. 
The resulting estimate of  1 δ  therefore estimates, conditional on covariates, the impact of 
parent’s schooling on the schooling of the child using only the part of the variation in parent’s 
schooling generated by the reform. This strategy is the one we apply in this paper, and it is the 
same as in BDS, on Norwegian data, and as in Oreopoulos, Page and Stevens (2003, 2006), 
on U.S. data, although the latter study uses grade repetition for the child as the outcome 
variable.  
Any identification using instrumental variable techniques depends on the quality of the 
instrument. To get an internally consistent estimate of  1 δ  using 2SLS on (12) and (13), we 
need two assumptions to be fulfilled: (a) 
p REFORM  has to be uncorrelated with 
c e and (b)  
p REFORM  has to be correlated with parental schooling. Both assumptions need to hold 
conditional on all the included covariates. In other words, we need the compulsory school 
reform to exert variation in parental schooling that is independent of the parental endowments 
p h  and 
p f  and of remaining factors in
c e , conditional on cohort and municipality indicators. 
For (a) to hold, municipality fixed effects likely need to be included, since the 
p REFORM -
indicator may pick up the tendency that better schooled municipalities were more or less 
eager to implement the reform early. Then, identification only requires that unobserved 
characteristics of municipalities in equation (12) do not vary systematically during the reform 23 
 
period, and if they do, these changes should be unrelated to the implementation of the reform. 
If the implementation of the reform is correlated with changing unobserved characteristics of 
municipalities in equation (12), one can attempt to deal with this by also adding municipality-
fixed effects interacted with a linear time trend. This extended model will allow for any 
difference in trends in unobservable variables being correlated with reform implementation, 
as long as these trends are linear. To avoid problems with weak instruments we require 1 γ , the 
impact of the reform on parental schooling, to be very precisely estimated. 
Is the inclusion of municipality-fixed effects (with or without trend interactions) 
sufficient to assure that assumption (a) holds? There are several threats to consistency: Our 
IV-estimates are too high if the reform has an independent positive effect on adult outcomes 
(and therefore children’s outcomes), conditional on parent’s schooling. A reason for this 
could be other simultaneous changes to the education system, as emphasized by Meghir and 
Mårten Palme (2005), in estimating earnings effects of this reform. The Swedish compulsory 
school reform implied not only two additional years in school, but also affected the 
curriculum and the timing of ability tracking. The postponement of tracking might imply 
changes in peer group composition, or have consequences for spousal matching. However, 
investigating this issue, Holmlund (2007b) finds no effect of the reform on assortative mating. 
The issue of simultaneous changes to the education system, and whether such changes 
have independent effects on outcomes holding education constant, is of a general concern to 
the literature using educational reforms in an instrumental variables setting. The 
postponement of ability tracking is in fact common to most Scandinavian compulsory 
schooling reforms. And it is likely that expansion of compulsory education, whether in U.S. 
states or in Europe, also affects the demand for teachers and has implications for teacher 
quality. Any of these effects accompanying changes in the compulsory schooling legislation 
is a potential threat to consistency of the IV estimates in the literature. 
An additional pitfall takes the form of selective mobility. Since we identify reform 
individuals based on the municipality-of-residence in 1960 (65), it is possible that selective 24 
 
mobility prior to that will bias our intergenerational estimates. If reform schools were thought 
to be of lower quality, it is possible that parents who prefer non-reform schools over reform 
schools decide to move away from reform school areas. Hence, the composition of individuals 
in reform municipalities is no longer comparable to that in non-reform areas. Meghir and 
Palme (2003) investigate selective mobility using complementary information on birth 
municipality, in order to identify movers. They find that 4.3 percent of their sample moved 
from a reform-municipality to a municipality not affected for the particular cohort, and that 
the mobility in the other direction was of similar magnitude. These findings are confirmed in 
Holmlund (2007a). In both these studies, there is also evidence that high (grand-) paternal 
education is associated with a higher probability to move from a reform to a non-reform 
municipality. However, mobility rates are relatively low, and Meghir and Palme (2003) find 
that conditional on observables, living in a reform-municipality cannot predict moving to a 
non-reform region. They also find that their results are stable if they exclude the movers from 
their empirical analysis. Thus, we cannot rule out bias due to selective mobility, but conclude 
that since mobility was very limited, any bias should be small. 
For the above reasons one need to be careful in interpreting the IV-estimate as the 
causal effect of an additional year of parental schooling. What we can do is to investigate the 
sensitivity of our estimates by adding important exogenous variables to our 2SLS 
specifications. We therefore add controls for grand-mothers’ and grand-fathers’ education. 
Grand-parents’ education is very strongly associated with both parent’s and children’s 
education, and should therefore provide a good check of the validity of the IV-estimates.  
If we restrict the sample to only those individuals with the lowest level of education, as 
in BDS where the sample was restricted to those parents with less than 10 years of schooling 
in the main estimations, we need to assume that the reform had no effect on the probability of 
attaining post-compulsory schooling. If this assumption does not hold, the composition of 
individuals in a municipality will differ pre- and post-reform. This means that those 
individuals who gained the most from the reform (and continued their education longer than 
what was required) will be excluded. This will likely bias the intergenerational estimate for 25 
 
such a restricted sample downwards. Such spill-over effects can be tested for directly, by 
regressing the probability of attaining post-compulsory education on the reform indicator. 
An additional source of heterogeneity stems from education and unobservable 
characteristics of the spouse. Adding spouse’s years of schooling, treating it as an additional 
endogenous variable, we need to use the compulsory schooling reform for the spouse as an 
additional instrument. The corresponding empirical specification that in the IV estimation 
controls for education of the spouse, will thus instrument each parents’ education with the 
parent-specific reform dummy. If many parents and spouses are close in age and from the 
same municipality, and there is little variation in reform status of parent and spouse, estimates 
may be imprecise. Investigating the effect of the reform on assortative mating, Holmlund 
(2007b) finds no evidence of such effects to be important. 
As a final remark, the twin-, adoption- and IV-estimators control for different degrees 
of child-rearing endowments. A valid IV-strategy nets out the transmission from all 
endowments, including child-rearing talents
p f . The twin strategy does control for child-
rearing endowments that are shared among twins, but leaves those endowments that are child-
specific untreated. The adoption strategy can only control for child-rearing talents by 
assumption. We therefore expect IV-estimates to be different from those produced using twin-
fixed effects and adoptive families.   
4. The Swedish data set 
We use a very large data set compiled from several different Swedish registers, administered 
by Statistics Sweden. We start out with a 35 percent random sample of each cohort born in 
Sweden in 1932-1967. By means of population registers, we are able to identify and match 
the parents, siblings and children (both biological and adopted) to the sampled individuals. 
We use the bi-decennial censuses in 1960-1990 to gather family background information of 
the individuals in the random sample, and to identify municipality of residence. In the 
censuses, we are also able to track the cohabiting partner of the individuals in the random 26 
 
sample; given that the individuals have children, the censuses provide information on both 
parents of the child. However, while we know that the sampled individual is the biological 
parent of the child, we do not know whether the partner that we trace in the census is the 
biological parent. 
Our main variable of interest in this study, years of schooling, is created using the 
information in the education register. The education register contains detailed information on 
completed level of education. For children, we measure attained education levels in December 
2006 (or earlier if education is missing at this time due to emigration or death). We measure 
parental education earlier, in December 1990, when the parental cohorts are 35 years of age or 
older. In case parental education is missing in the 1990 register, information from later 
registers is used.
12 The information in the education register of completed level of education is 
translated into years of schooling in the following way: 7 for (old) primary school, 9 for (new) 
compulsory schooling, 9.5 for (old) post-primary school (realskola), 11 for short high school, 
12 for long high school, 14 for short university, 15.5 for long university, and 19 for a PhD 
university education. In order for the children to have completed their schooling, we focus on 
children that are 23 years of age and older and hence require them to be born 1983 or earlier 
to be included in the sample.  
We restrict our random sample of parents to married or cohabiting individuals with a 
biological (or adopted) child. We also require that their children live with the parents in a 
census when they are 6-10 years old.   
For the purposes of this study, we constrain the sample to the cohorts born in 1943-
1955. These cohorts were affected by the compulsory schooling reform that was implemented 
gradually across Swedish municipalities in the 1950s and 1960s, and to these cohorts it is 
possible to match information on whether they were affected by the reform or not. We assign 
individuals to the reform based on their year of birth and their municipality of residence at age 
10-17 (which we obtain from the 1960 and 1965 censuses).
 We exclude those cohorts born 
                                                                
12 For the older parental cohorts, the education information we use is constructed by Statistics Sweden using 
information directly from educational institutions, complemented with answers to detailed questions in censuses 
1970 and 1990.  27 
 
prior to 1943 for which the information on municipality of residence might not represent the 
municipality in which the individual went to school. We also exclude those municipalities for 
which a clear-cut implementation year cannot be determined because the reform was 
implemented gradually within the municipality.
13 
For our two other identification strategies, we compile data sets also based on the 
random sample of the 1943-1955 cohorts. An adoption code tells us whether the child is 
adopted. We require that the adoptees were adopted by two parents born in Sweden. For 
foreign adoptees, we have information on the date of birth and date of immigration of the 
adopted child, which makes it possible for us to approximate age of adoption. We further have 
information on the child’s native country. We also use a smaller sample of Swedish-born 
adoptees. For the Swedish adoptees we have information on the characteristics of the 
biological mother for more than half of the sample, and for the biological father for almost 
one third of the sample. 
We construct the sample of twins in the following way: From the random sample and 
their siblings we single out those full biological siblings that are born in the same year and 
month. It is not possible to separate monozygotic (MZ) from dizygotic (DZ) twins. However, 
by using only same-sex twins we know that about half of the twin sample will consist of MZ 
twins. Of the two twins, we require each to have at least one biological child. We assume that 
the spouses of each twin are the biological parents of the twin’s children. In the sensitivity 
analysis we also focus on closely spaced siblings and select full biological siblings that are 
born within 2 years of the randomly sampled individual.  
Table 2 reports descriptive statistics for the samples used in this study. In the first two 
columns we show means and standard deviations for a 35 percent random sample of married 
or cohabiting Swedish individuals, born 1943-55, with at least one child (born no later than 
1983). This sample has no further restrictions as compared to the ones we use in our analysis; 
in remaining columns we show our data for the twins-, adoptee- and IV-samples. We have 
                                                                
13 Note, however, that although the implementation was gradual within the three big cities Stockholm, Gothenburg 
and Malmö, we are able to use a more detailed regional coding on parish level in order to keep the cities in the 
sample. See Holmlund (2007a) for a detailed description of how the reform coding has been constructed. 28 
 
more than 9947 children with same-sex twin parents; 59 percent of them mothers. We see that 
twin mothers have on average about half a year less schooling than women in the random 
sample.
14 Other characteristics are quite similar though. Interestingly, 51 percent of the 
children belong to a twin-parent pair with different levels of education. Our adoptive sample 
consists of Swedish-born as well as foreign-born adoptees. All-in-all, 69 countries are 
represented. The most frequent adoption countries are India (19%), South Korea (19%), and 
Sri Lanka (11%). Adoptive parents are better educated than the average parent, yet their 
adoptive children complete somewhat less education than the typical child. Adoptive children 
are also younger than average. 
An interesting group of foreign adoptees are those adopted from South Korea. The 
adopted Korean children have more than one year of additional schooling compared to 
Swedish-born adoptees, even though there is no difference in parental schooling between 
these two groups. Korean babies also complete significantly more schooling than children 
adopted from abroad but from other countries, despite that their adoptive parents have less 
schooling, on average. Hence, children adopted from South Korea are more successful than 
other adoptees and equally successful compared to non-adopted Swedish born children. These 
descriptive statistics are in line with other sources indicating that adoptees born in South 
Korea constitute a less disadvantaged group among all foreign-born adoptees (Wun-Jung 
Kim, 1995; Frank Lindblad, 2004). Pre-and post-natal care is of a very high standard in South 
Korea, which means that we can expect Korean babies to be less harmed by their pre-adoption 
environment, compared to other foreign-born adoptees in Korea. Also, Korean mothers giving 
up their children for adoption are typically from less disadvantaged backgrounds. Our 
conclusion is that Korean adoptees form a group that is more comparable to non-adoptees, 
than what is the case for most other foreign-born adoptees, who to a higher degree are 
represented by disadvantaged children. 
The IV sample is smaller than the random sample. Two reasons explain why about 12 
                                                                
14 This might be explained by twins having lower birth weight than non-twins, since studies have found low birth 
weight to generate worse adult outcomes (see Behrman and Rosenzweig (2004) and Black, Devereux and Salvanes 
(2007) for two recent studies). 29 
 
percent of the random sample is not present in the current IV sample: (1) we had to exclude 
some individuals residing in municipalities where no reliable information on reform year were 
to be found, and (2) we also choose to exclude individuals in those municipalities where the 
reform was already introduced prior to 1943.
15 Also, despite some clear differences, there are 
clearly a lot of overlaps in the variable distributions for all the samples. 
5. Results 
We start out by presenting OLS results using the random sample of the 1943-1955 cohorts. 
We regress the education of the child on the education of parents, and the results are reported 
in Table 3. Column 1 presents results for mothers and column 2 for fathers. Panel A shows 
results using only one parent and panel B shows estimates from regressions controlling for the 
education of the spouse. All specifications include controls for the gender of the child and the 
parent’s year of birth. The estimates including spouse’s education also control for spouse’s 
year of birth. We find that the estimate is 0.28 for mother’s education and 0.23 for father’s 
education. When we also control for spouse’s education (panel B), the estimates decrease to 
0.20 for mothers and 0.15 for fathers. This reduction is due to assortative mating. These 
results are very much in line with earlier results for Sweden (see BLP). These results are our 
baseline OLS estimates, to be compared with the corresponding OLS estimates of our twin, 
adoptee and IV samples. 
Table 3 also presents OLS results including a squared term of parental years of 
schooling (see panel C). The coefficients indicate that the intergenerational association in 
education is convex; the relationship between parental and child’s education is stronger higher 
up in the distribution. If we use the estimates and predict intergenerational coefficients at the 
bottom of the educational distribution (7 years of schooling; pre-reform primary schooling) 
and at the top (16 years of schooling; long university education), we find clear evidence of 
very different returns across the distribution: at the bottom we get 0.16 for mothers and 0.12 
                                                                
15Although, as previously mentioned, for the big cities Stockholm, Gothenburg and Malmö, we have only excluded 
the parts of the cities that introduced the reform prior to the 1943 cohort. 30 
 
for fathers, and at the top 0.41 for mothers and 0.37 for fathers. We return to the issue of non-
linear effects in section 6.2. 
5.1 Twins 
Basic results. We now turn to regressing the education of the child on the education of parents 
using the sample of twins. As a comparison, we also present results for a sample of all 
siblings, and a sample of closely spaced siblings (where the sibling of the parent is born 
within ±2 years of the randomly sampled parent). The twin estimates are reported in panel A 
of Table 4, and the sibling estimates are shown in panels B and C of the same table. In the 
first two columns we show results for mothers and in the last two columns results for fathers. 
We report first the cross-sectional intergenerational estimate on each sample, and then turn to 
the difference estimates, which identify the intergenerational schooling effects by using 
within-family variation. The first row of each panel shows results using only the twin/sibling 
parent and the second row shows estimates from regressions controlling for the years of 
schooling of the spouse. 
The cross-sectional estimates using twins (panel A) reveal that one more year of 
schooling for the mother (father) is associated with 0.25 (0.21) more years of schooling for 
the child, on average. When we include a control for spouse’s education, the estimates 
decrease to about 0.15 (0.17) for fathers (mothers). We note that the intergenerational OLS 
estimates using the sample of twins are slightly lower than those using the random sample 
(panels A and B of Table 3).  
In columns 2 and 4 we apply the twins approach, i.e., we estimate the intergenerational 
relationship between twin-parents and their children (who are also cousins), controlling for 
twin-pair fixed effects. Hence, we associate the educational differences between cousins with 
that of their twin parents. We see that introducing the family-fixed effect reduces the 
schooling transmission coefficients, compared to the cross-sectional point estimates, and more 
so for mothers than for fathers. The fixed-effect coefficients for mothers and fathers are 0.06 
and 0.12, respectively. Moving to the second row, where controls for education of the spouse 31 
 
are included, the schooling effects are reduced to 0.04 for women and 0.11 for men. The 
estimate of mother’s schooling, when controlling for spouse’s schooling, is the only 
statistically insignificant estimate. The results from the twin-fixed effects estimation show 
that mother’s education is no more than half as important as father’s education in the 
intergenerational process.  
Turning now to the results using the sibling sample (panel B), the assumption that 
education is unrelated to inherited abilities within a pair of siblings is less plausible. The 
cross-sectional estimates reveal intergenerational schooling effects that are almost identical to 
those using the random sample, and very similar to those using the twins sample. In columns 
2 and 4 of panel B we control for sibling-fixed effects. We find that the effect of mother’s 
education on that of her child is 0.14 without and 0.11 with the control for her husband’s 
education. The effect of father’s education is very similar in magnitude: 0.13 and 0.10 without 
or with the inclusion of the education of his partner.
16 Turning to the results for the closely 
spaced sibling sample (panel C), we have eliminated more than 85 percent of all siblings. 
Still, the estimates are very similar to the sample of all siblings. However, in order to interpret 
these effects as causal, the allocation of education to siblings within the same family should 
be exogenous; an assumption too strong to be valid.  
 
Sensitivity analysis. We should keep in mind, however, that the twin estimates presented here 
are based on a twin sample containing both MZ and DZ twins, and that no correction has been 
made for possible measurement error in parental schooling. As we argue in Appendix A, 
under some distributional assumptions about non-twin siblings and twins, we can combine 
sibling estimates and twin estimates to either net out any bias caused by the inclusion of DZ 
twins in our sample, or place bounds on parental schooling effects. For this purpose we use 
the estimates from the regressions using the sample of closely spaced siblings, where we 
                                                                
16 Sibling-fixed effects estimates are also reported in Sandra Black, Paul Devereux and Kjell Salvanes (2003) using 
a representative sample of Norwegian siblings born between 1947 and 1958 with children who are 20 or older in 
the year 2000. They find that their fixed-effects estimates are similar for mothers and fathers, positive and 
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believe these assumptions are more likely to be met. Let us start by assuming that there is no 
measurement error in parental schooling, that twins and siblings are treated very similarly, 
and that the intergenerational mobility model as depicted in equation (8) is identical for 
siblings and twins. In this case, we identify parental schooling effects as follows:  
11 1 1 ˆˆ ˆ 2 TS TW SIB δ δδδ =− =            (14) 
Our results in Table 4 show that for men, the sibling estimates are similar to the twin 
estimates, which means that when we assume that the fraction of DZ twins in our sample of 
same-sex twins is equal to 0.5, the consistent estimate of  1 δ  is similar to the one obtained for 
the twin sample. The calculated estimate (standard error) is 0.101 (0.061) without controlling 
for spouse’s education. For mothers, the estimate decreases more. It is calculated as -0.004 
(0.057) without controlling for spouse’s education. If we also condition on spouse’s education 
the numbers are 0.111 for fathers and -0.014 for mothers.  Thus had we been able to identify 
MZ twins in our sample of twins, our estimates would have been very similar to the current 
ones for fathers, and very close to zero for mothers.  
Note that if twins are treated more similarly than non-twin brothers and sisters, the 
above combination of twin and sibling estimates must be interpreted as a lower bound. Recall 
that our twin estimates are flawed as well, and likely produce upper bounds. Taken together, 
this means that the intergenerational schooling effects we estimate move somewhere between 
-0.01 and 0.06 for mothers, and between 0.10 and 0.12 for fathers (with and without 
assortative mating effects).  Our results remain practically unchanged: positive effects for 
fathers, and almost no effects for mothers.  
So what happens if we allow for measurement error in parental schooling? Since we 
have register data on educational classifications, we believe that measurement error is less of 
a problem. However we still want to test for this. When we calculate the cross sectional 
reliability ratios for twins and siblings, using a data set with one survey and one register 
measure of schooling, we get the following estimates (standard errors) of reliability ratios for 
the register measure: 0.96 (0.04) for fathers and 0.95 (0.04) for mothers. These are much 33 
 
higher than what is typically found in the literature using survey measures. When we consider 
school differences between twins and siblings, the reliability ratios decrease as expected to 
0.88 for twins and 0.90-0.91 for siblings.  
The estimates (standard errors) adjusted for measurement error in parental schooling as 
well as correcting for a mixture of DZ and MZ twins are -0.001 (0.065) for mothers and 0.120 
(0.069) for fathers. Thus, we conclude that had we been able to identify and use only MZ 
twins, and were there no measurement error in the parental schooling variable, our analysis 
would have produced causal intergenerational estimates that are similar for fathers, and 
smaller for mothers, compared to our baseline twin estimates (reported in Table 4).  
 
Conclusions. To sum up our results based on twin differences, we find that father’s years of 
schooling has a positive and significant effect on his child’s years of schooling. For mothers, 
we find smaller effects. When we attempt to correct for our sample being a mixture of DZ and 
MZ twins and for attenuation bias due to measurement error in parent’s schooling, we find 
that estimates using only MZ twins would likely have generated a similar effect for fathers, 
but no effect for mothers. When we compare these results to those found previously in the 
literature two issues come up. First, an advantage is that our twin sample is much larger than 
the one used by BR and Antonovics and Goldberger (2005). Hence, our effects are much 
more precisely estimated. Second, a disadvantage is that we cannot distinguish between DZ 
and MZ twins. Our twin estimates for fathers are smaller than those previously found, but that 
the striking difference between mothers and fathers remains. 
 
5.2 Adoptees 
Basic results. Table 5 reports intergenerational education estimates for adoptees and their 
adoptive parents. The first three columns present results for mothers and columns 4-6 report 
results for fathers. In panel A we do not put any restrictions on adoption age of the child and 
make no attempt to control for non-random matching of adoptees to families. In panel B we 34 
 
do. With respect to age of adoption, we do not impose age restrictions for Swedish adoptees 
because we cannot observe their adoption age. For foreign adoptees we require them to be 
adopted no later than at six months of age. With respect to selective placement of adoptees we 
control for the biological characteristics of the biological parents of the adoptive children born 
in Sweden. For foreign-born adoptees we do not only control for adoption age, but also 
include additional selection characteristics like country/region-of-birth of the child and the 
logarithm of GDP per capita in the child’s country of birth.  
The structure of Table 5 is as follows. In the first row we present estimates of separate 
regressions using the mothers and fathers of the adoptees. In the second row we present 
estimates from regressions including both father’s and mother’s education. We use the same 
sample in both panels, i.e., we require the adoptive parent we focus on to be born in 1943-55, 
whereas the other adoptive parent (the spouse) is not required to be born within this time 
period. We show results for Swedish-born adoptees in columns 1 and 4, for foreign-born 
adoptees in columns 2 and 5, and for Korean-born adoptees in columns 3 and 6. All 
regressions include individual controls for the gender of the child and parent’s year of birth.  
We start with Panel A, where we show results for unrestricted samples, including only 
a minimum number of control variables. Turning first to estimates for mothers, we see that for 
the sample of Swedish-born adoptees, the estimates are positive, without and with controls for 
spouse’s education. An additional year of education for mothers is associated with 0.09-0.11 
more years for the child. The estimate is somewhat lower when we control for spouse’s 
education. We then turn to the estimates for foreign-born adopted children. We find that the 
estimated effects are small but statistically significant for mothers, without controlling for the 
other parent’s education. An additional year of parental education is associated with 0.02 
more years of education for the child.
17 For Korean adoptees, the maternal effect is never 
statistically significant. Sacerdote (2007) found larger effects for mothers.  
If we focus on the estimates for fathers, we see that for Swedish adoptees the estimates 
                                                                
17 Note that adding country/region-of-birth indicators to the specifications using foreign-born adoptees increased 
estimates by roughly 50 percent. Adding the controls for adoption age and the logarithm of GDP had no further 
impact on the estimates (although R-squared increases somewhat).  35 
 
are positive, but somewhat lower than for mothers. When we control for spouse’s education, 
the estimates decrease slightly and become statistically insignificant. The intergenerational 
effect for fathers is estimated to be about 0.03-0.06 for Swedish adoptees. If we instead look 
at foreign-born adoptees, estimates are similar to those of mothers. When we control for 
spouse’s education, the estimate for all foreign-born adoptees is cut in half and is no longer 
significant.  
  We show the results for the restricted samples using additional control variables in 
panel B of Table 5. Starting again with results for mothers, we find that for Swedish-born 
adoptees, the estimated intergenerational effects do not change much when we control for 
biological parents’ schooling. The estimate is 0.11 without controlling for spouse’s education, 
and 0.07 including the control for spouse’s education.
18 Both are statistically significant. For 
foreign-born adoptees the estimates increase compared to the estimates in panel A; for all 
foreign-born adoptees, as well as only those adopted from Korea, we find that an additional 
year of maternal education increases the education of the child by 0.03-0.04 of a year. For 
foreign-born adoptees the estimates are statistically significant. Turning our attention to 
fathers, we see slightly higher estimates for Swedish-born adoptees, compared to the 
estimates in panel A. However, the estimates are from regressions using only 194 individuals, 
so they are fairly imprecise. For foreign-born adoptees the estimates for fathers are similar to 
those of mothers. The estimate is 0.04 (0.03) without (with) the control variable for spouse’s 
education. Both estimates are statistically significant. For Korean adoptees, the estimates are 
small and never statistically significant for fathers. Our estimates are still smaller than the 
estimates in Sacerdote (2007). 
 
Sensitivity analysis. Ideally, we would like to use only a sample of adoptees where all children 
are adopted as babies and randomly placed in adoptive families. Since previous results in 
                                                                
18 The estimates (standard errors) for Swedish-born adoptees in rows 1 and 2 of panel A, using the same number of 
observations as in panel B are: without the control for spouse’s education: 0.098 (0.038) for mothers and 0.087 
(0.053) for fathers, and including the control for spouse’s education: 0.076 (0.064) for mothers and 0.039 (0.065) 
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panels A and B are very similar, these assumptions appear to be reasonable. To illustrate 
whether this is the case we test for possible violations and focus on non-random placement. In 
Table 6 we regress characteristics of the adopted children prior to adoption, on adoptive 
parents’ education. If parental education cannot explain the variation in the pre-adoption 
characteristic of the adoptees, this will be evidence of random assignment being a reasonable 
assumption. Each row-column cell in Table 6 is an estimate from a separate regression of the 
dependent variable shown in the left column on parental schooling. In all columns we control 
for birth year of the adoptive parent(s).  
For a sub-sample of Swedish-born adoptees we have information on biological 
mother’s and father’s years of schooling, and the age at which the biological mother gave 
birth to the child to be adopted. We also use information on the gender of the adopted child. 
As we can see in panel A of Table 6, none of these variables are statistically significantly 
associated with adoptive father’s schooling. However, despite the small sample, we find that 
the schooling of the biological mother is significantly associated with adoptive mother’s 
schooling. The magnitude of the estimate is in line with findings in BLP for Swedish adoptees 
born in the early 1960s, where a selection of this magnitude only barely affected the 
intergenerational estimate.  
For foreign-born adoptees we do not have access to information about the biological 
parents. Instead we use the child’s age of adoption and a measure of economic development 
in the adoptee’s native country at the time of birth (in addition to the gender of the child) to 
test for random placement. As a measure of economic development we use the logarithm of 
GDP per capita (purchasing power adjusted). This information is available on a yearly basis 
from Penn World Tables (Alan Heston, Robert Summers and Bettina Aten, 2002). Our 
measure is thought of as being a rough proxy for the quality of the pre-natal environment 
(through the nurturing of the foetus during pregnancy) and very early childhood environment 
(through the quality of the nursery or perhaps of the biological family) prior to adoption. 
There is some evidence of selection. Higher educated mothers are more likely to adopt older 
children and boys, whereas higher educated fathers are more likely to adopt children from 37 
 
more economically developed countries. 
In panel C we separately look at Korean adoptees. We present results for this specific 
sample so that we can compare our findings to Sacerdote (2007), and because children 
adopted from South Korea are arguably children that are more similar to most Korean 
children (see section 4.1.). The patterns we find are comparable to those obtained using all 
foreign adoptees. This suggests that the Korean adoptees in our sample are also not randomly 
assigned to adoptive mothers, something that was shown to be the case in Sacerdote’s study. 
Still, the effects are apparently small enough not to impact or intergenerational estimates.   
 
Conclusions. Our estimates using adoptees to identify the effect of parental schooling 
on child’s schooling come out as relatively small compared to some of the previous literature. 
For example, Plug (2004) finds coefficient estimates in the range 0.10-0.28 years for mothers 
and 0.23-0.27 years for fathers. Sacerdote (2007), using a sample on Korean adoptees, finds 
maternal effects of 0.09 years. We, on the other hand, using all foreign-born adoptees find 
estimates in the range of 0.03-0.04. The sample is large enough to make these small effects 
statistically significant. Using a sample of Korean adoptees similar in size to the sample used 
in Sacerdote (2007) we find small estimates in the range of 0.01-0.03 that are never 
statistically significantly different from zero. For Swedish-born adoptees, we find somewhat 
larger effects, 0.07-0.11 for mothers and 0.03-0.08 for fathers. Let us also compare the results 
in BLP, who used a larger sample of Swedish adoptees born in the first half of 1960s, to the 
results in this study, which uses Swedish adoptees born on average about 12 years later. They 
found similar effects for adoptive mothers but somewhat larger effects for adoptive fathers, 
without controlling for spouse’s education. When they do control for spouse’s education, the 
effect of adoptive mother’s education becomes almost zero whereas the effect for adoptive 
father’s education is barely affected. The former result is not observed in our sample, where 
the maternal effects remain positive and statistically significant. We find some evidence that 
adoptees are not randomly assigned to their adoptive parents, but the intergenerational effect 
estimates are hardly affected. 38 
 
 
5.3 The Instrumental Variable Approach 
Basic results. In Table 7 we present intergenerational estimates using the reform sample. Let 
us first focus on the estimates in panel A. The first row reports OLS estimates from a 
regression of parents’ education on the education of the child. In the second row, we show 
estimates from a regression of parents’ education on an indicator of whether or not the parent 
went through the reform school (the first stage). In the third row we present intergenerational 
instrumental variable estimates, where the reform is used as an instrument for parents’ 
education. The latter estimates should be interpreted as the reform induced intergenerational 
education effects, and are just the main reduced form estimate (not shown) divided by a first 
stage estimate. We present results for mothers in columns 1-3. In column 1 we only include 
controls for the gender of the child and the parent’s year of birth.
19 We then sequentially add a 
full set of added municipality indicators (column 2) and municipality indicators interacted 
with a linear time trend (column 3). The corresponding results for fathers are reported in 
columns 4-6. 
As we see in the first row of Table 7, the OLS estimates of parental education on the 
education of the child for the IV sample are, as expected, almost identical to those of the 
random sample of parents (reported in Table 3). An additional year of mother’s education is 
associated with 0.27 more years for the child, and the coefficient estimate for fathers is 
somewhat smaller, about 0.22. The results are also similar to the earlier OLS estimates using 
twins.  
We now turn to the reform-induced estimates, reported in rows 2-3 of Table 7. The first 
stage results show that the reform clearly has a strong effect on years of education and 
corresponding F-statistics are very high. An additional year of mother’s education is 
associated with 0.58 more years for the child without controlling for municipality indicators 
                                                                
19 Unlike BDS we do not control for (the potentially endogenous variables) birth year of the child. This is to be 
consistent with e.g. the adoption literature. However, including controls for birth year of the child does not alter 
our findings. 39 
 
and 0.22 once such controls are added to the regression. The first stage estimate increases 
somewhat if we add municipality-specific trends. The first stage estimates for fathers are 
larger, but show a similar pattern: the estimate decreases from 0.82 to 0.27 once municipality 
effects are controlled for, and then increases to 0.33 when we include also municipality-
specific trends.
20  
In the third row we present the instrumental variable estimates, which are the estimates 
of main interest for us. For mothers, the estimates are always positive but only statistically 
significant in the most general specification: an additional year of maternal education is found 
to raise children’s education by 0.15 years. The estimates are always insignificant for fathers. 
Even though the estimates with municipality indicators included as controls are fairly 
imprecisely estimated, we can always rule out very large effects for fathers. For mothers, we 
are left wondering why results differ so much between specifications. In the IV specification 
with municipality-fixed effects interacted with a linear time-trend, we control for unobserved 
time-variant municipality heterogeneity that is correlated with reform implementation. Should 
we be certain that this most general specification produces the most reliable estimates? Below 
we investigate this issue further.
21 
The key assumption in difference-in-differences models is that treated and non-treated 
                                                                
20 The results change a lot when we include municipality-fixed effects in order to control for unobserved time-
invariant municipality-specific characteristics that are correlated with the reform. The reasons for this are evident 
from estimations where we relate the timing on reform implementation and a reform participation indicator to 
several pre-treatment variables. We find evidence of that the reform was implemented earlier in high educated 
areas (as indicated both by grandfathers’ education and average level of education in the municipality prior to the 
period analyzed). Similarly, the probability of introducing the reform is positively related to educational 
background. Hence, we expect the first-stage estimates in Table 7 to be too high, unless we control for unobserved 
heterogeneity. For further discussion about these results, see Holmlund (2007a). 
21  We have also experimented with including municipality-fixed effects interacted with both a linear and a 
quadratic trend in the same specification. Then, the IV-estimate for mothers decrease to 0.058 (0.097) and for 
fathers it is similar as before 0.042 (0.078). The purpose of interacting municipality indicators with time trends is 
to control for differential trends prior to introduction of reforms. However, in the sample 1943-1955 the control is 
mainly made for post-reform differential trends across municipalities. As shown in Justin Wolfers (2005) 
municipality indicators interacted with a trend can inadvertently capture reform-induced trend shifts, i.e., they can 
control for outcomes of reforms. So, when such interactions are included in regressions, it can be important that 
many pre-reform cohorts are included in the data. We therefore added data for birth-cohorts 1934-1942. For the 
municipalities used in the regressions in this paper, individuals born in 1934-1942 are always supposed to go to 
school in municipalities where the reform is not yet implemented. This data are of lower quality since we cannot 
reliably determine the municipality-of-residence for cohorts born prior to 1943. We therefore instead use 
assignment of reform status based on the residence of the birth mother in the 1960 census. When we estimate the 
models on this extended data set we get that, for mothers, the IV estimates are 0.137 (0.070) with a linear trend, 
and 0.140 (0.078) with also a quadratic trend interacted with municipality indicators. Hence, the estimates are very 
similar to the specification with linear trend using data for 1943-1955, and also very stable across specifications.  
For fathers, estimates are very similar to before and stable across specifications.  40 
 
units (here municipalities) experience parallel trends, i.e., that in the absence of the reform the 
outcome variable would evolve at a similar rate in treated and non-treated municipalities. If 
this assumption is violated, reduced-form specifications will lead to inconsistent estimates of 
reform effects. This does not necessarily mean that IV-estimates are inconsistent. Still, we 
investigate this issue further. In Appendix C, we show that for mothers (but not fathers), there 
is strong evidence of a large reform effect on own schooling and on children’s schooling for 
the cohort of individuals born one year earlier than those belonging to the cohorts that were 
supposed to be affected by the reform. Hence, the key assumption in difference-in-differences 
models is violated for mothers. The reasons for these pre-reform effects could be for example 
measurement error in the coding of the reform, that grade repeaters are likely to be miss-
classified since we assign individuals to the reform based on their year of birth, and 
anticipatory behaviour in schools in municipalities that had not yet introduced the reform but 
were expected to do so in the near future. 
In Panel B we therefore repeat the IV estimations excluding, in each municipality, the 
last cohort that went through the old school system, that is, the last pre-reform cohort. In the 
first row of panel B we report OLS estimates, which are pretty much identical to those 
reported in panel A. Hence, the characteristics of the parents in the last pre-reform cohorts are 
not different in such a way that it affects an estimate of the intergenerational correlation in 
schooling. However, the first-stage estimates increase compared to the ones reported in panel 
A. For mothers, this also results in higher F-statistics, and the maternal IV estimate in the last 
row is now bigger and with a higher p-value. In fact, the IV-estimates for mothers are 
statistically significant across specifications. The estimate using the specification with 
municipality fixed-effects increases from 0.04 to 0.11, and is now more precisely estimated. 
For fathers, estimates are very similar to those reported in panel A.
22  
 
Sensitivity analysis. We now investigate the sensitivity of our intergenerational estimates 
                                                                
22 Results are very similar if we instead estimate models where we control for an indicator variable that equals one 
only for the last cohort in a municipality that is not supposed to be affected by the reform. 41 
 
reported in panel B of Table 7 to a number of alternative specifications and samples. The 
results are presented in Table 8. In panels A-C we show results using some alternative 
specifications. In panels D-E, we show results using sub-samples of the data for which the 
reform has a very strong first stage impact. That is, families in these sub-samples contribute a 
lot to the identification of the effects in our main IV estimations.
  
In panel A, we control for grandmother’s and grandfather’s education. This set of 
variables varies across individuals within municipalities over time, and is also strongly related 
to both parent’s and children’s schooling, and to the timing of the reform implementation. 
Compared to results in panel B of Table 7, the estimates decrease in all columns, but only 
slightly so in the specification including municipality-specific linear trends. Note also that the 
standard errors increase quite a lot in the IV estimations without and with fixed effects, but 
remain quite similar in the specification with municipality-specific trend interactions.  
In panel B we allow for a less restrictive first stage specification, where the impact of 
the reform on parental schooling is allowed to differ by years since reform and until reform.  
In the first stage we now include lags and leads interacted with the reform indicator, thus 
controlling for more unrestrictive reform dynamics stemming from differential pre- and post-
reform trends. The estimates from this first-stage specification are shown in Appendix C. The 
assumption required for this IV-estimate to be consistent is that the dynamics of the reform, as 
well as the reform itself, is unrelated to e
c in equation (12). For mothers, the IV estimates 
increase, especially in the fixed-effects model in column 2. For fathers, the IV estimates are 
fairly small and stable across specifications. The F-statistics of the joint impact of reform 
indicators on parent’s schooling are lower than in the specification with a homogenous first-
stage reform effect. Still, they are always above 10 in magnitude.  
Next, we expand our empirical model to take into account assortative mating effects; 
the estimates in panel C come from regressions also including spouse’s education. All 
specifications also include controls for spouse’s year of birth and municipality-of-residence 
dummies. In these specifications, the education of the spouse is instrumented with a reform 
assignment of the spouse; that is, we make use of two instruments and identify the effect of 42 
 
both parents’ education in the IV estimation. The parameter estimates for these spousal 
variables are not reported. For mothers, the IV estimates are somewhat bigger than in models 
without controls for the spouse (especially in the fixed-effect specification). For fathers, they 
are similar. Hence, previous conclusions are not altered much. 
Note that our IV estimates are quite imprecisely estimated throughout all 
specifications where municipality indicators are included. Is it possible to increase precision? 
To do so, we look at sub-samples where the reform has a large first-stage impact.  
BDS, whose estimates are less precise than ours, managed to improve precision by 
focusing on those parents where the reform has the strongest bite. Since the reform was an 
extension of compulsory school this means that it affected individuals at the lower end of the 
educational distribution, and hence that the IV estimates the intergenerational education effect 
for those individuals. If we exclusively focus on the bottom tail of the educational 
distribution, we are likely to gain precision. Our aim is twofold: improve precision and 
replicate the results in BDS. The estimates reported in panel D come from a restricted sample 
of parents with nine or fewer years of education. We find that for the low-educated sample, 
the first stage is much stronger than for the full sample. Our F-statistics are now huge. We 
find that the reform increased compulsory education by about one year for those in the low 
educated sample. This means that corresponding reduced form and IV estimates are similar. 
The instrumental variable estimates for mothers, using municipality fixed effects, are positive 
and statistically significant (marginally in column 3), whereas they are statistically 
insignificant and negative for fathers. The results indicate that one more year of mother’s 
education (caused by the reform shift) generates 0.06 years of more schooling for the children 
of mothers at the bottom of the education distribution.
23  
In order to obtain consistent estimates on this restricted sample, we need to make the 
assumption that individuals who completed nine years of schooling or less in the absence of 
                                                                
23 In order to make an exact comparison to the results in BDS, we need to base our IV estimates on a sample of 
young mothers only. They used parents born in 1947-58 and children born in 1965-75. To mimic this sample, we 
use parents born 1943-55 and children born 1961-72. This further restriction on the sample does not alter our 
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the reform, would not complete more than 9 years, if the reform had been in effect. This 
assumption rules out dynamic effects of the reform for the individual. We have therefore 
tested for dynamic reform effects by estimating effects of the reform on the probability of 
attaining different levels of post-compulsory education. Estimating linear probability models, 
using municipality indicators (without and with trend interactions) and the same controls as in 
previous estimations, we find that attending a reform-school increases the probability of 
having at least 9 years of schooling by 10-11 percent for mothers and 14-16 percent for 
fathers. These numbers can also be interpreted as the fraction of individuals that are affected 
by the reform. The increased probability of attending at least the following higher levels of 
schooling, are: 1% for short high school, around 2 percent for long high school and 1 percent 
for university, for mothers, and 2 percent for short high school and zero for higher levels, for 
fathers. All estimates are statistically significant. Note that these percentages indicate large 
spill-over effects, especially for mothers. About one-fifth of the mothers that attended at least 
9 years of schooling because of the reform eventually attended at least a long high school 
education. We therefore conclude that using the restrictive sample in panel D of Table 8 
results in inconsistent estimates of intergenerational effects, and that this estimate is likely too 
low since those with the highest returns to the reform are excluded. The large spill-over 
effects for mothers in combination with a downward inconsistency probably fully explain 
why we attained a much larger estimate of maternal intergenerational effects in Table 7, 
where we used the full sample.  
Next, we therefore also use a sub-sample where individuals are strongly affected by the 
reform but which is based on more exogenous selection rules. The sub-sample is chosen on 
the basis of the fraction of individuals in municipality-cohort cells with only the old 
compulsory minimum level of education, before the reform was implemented. By restricting 
the sample to those municipalities where the fraction of parents attaining only the compulsory 
minimum (7 years) was 20 percent or higher, in the five cohorts just before the reform was 
implemented, we reduce the sample to about 40 percent of the original sample. The 
eliminated 60 percent are all attending schools in municipalities with a high fraction of 44 
 
individuals attaining more than compulsory schooling, and therefore only contribute little to 
the estimated effect in our main estimations. Our estimates for this sample based on lower 
educated municipalities are shown in panel E of Table 8, and we find that the first stage is 
much stronger than for the full sample, although not as strong as for the sample with only 9 or 
fewer years of schooling. We find that the reform increased compulsory education by clearly 
more than half a year for both mothers and fathers. The instrumental variable estimates for 
mothers are always positive and statistically significant, whereas they are positive but 
statistically insignificant for fathers. The results show that one more year of mother’s 
education (caused by the reform shift) generates 0.15-0.18 more years of schooling for the 
children of mothers in this selected sample of municipalities.  
 
Conclusions. To sum up the results and compare them with the earlier literature, we note that, 
to the best of our knowledge, the only previous IV study estimating intergenerational 
schooling effects that uses years of schooling as the outcome variable is BDS. Therefore, we 
compare our results to theirs. They also use an instrument for education similar to ours; the 
Norwegian compulsory school reform. They find statistically insignificant effects of mother’s 
and father’s education on the child’s education, but the standard errors are very large. When 
they restrict their sample to individuals with 9 or fewer years of schooling, they find a 
positive and significant effect of mother’s education, of the magnitude 0.12 years. They do 
not find that father’s education affects the child’s education. 
Our results are similar to BDS in the following respects. First, using the same sample 
restriction as they do (parents with 9 or fewer years of schooling), we find a point estimate of 
0.06 years for mothers. Relaxing the restriction on parental education, and allowing for spill-
over effects of the reform, we find large and statistically significant effects of the mother’s 
education. In no case do we find that by instrumenting parental education with the educational 
reform, father’s education transmits to his child. We thus conclude that our results are fairly 
close to those found in BDS. And as a final remark, we emphasize that whether we focus on 
results based on the full sample or the restricted sample (with 9 or fewer years of schooling), 45 
 
our IV estimates are identified off individuals whose education was affected by the reform, 
and these individuals mainly belong to the lower tail of the education distribution. 
6. External validity issues  
If all the methods would have produced similar results we could stop our review here, just 
concluding that the findings are robust to using different identification strategies, and hence  
give the estimated relationship between the education of parents and their children a causal 
interpretation. However they all show quite different results: Twin estimates are small for 
mothers (0.00-0.06) but larger for fathers (0.10-0.12). For Swedish adoptees, we find large 
effects for mothers (0.11), and only slightly smaller for fathers (0.06-0.08), whereas for 
parents adopting foreign-born children we find small effects for both mothers (0.02-0.04) and 
fathers (0.02-0.04). In contrast, using instrumental variable estimation (where the compulsory 
schooling reform is used as an instrument), we find large effects for mothers (0.15-0.20), but 
non-existent effects for fathers (around zero).  
Why do these estimates differ by method used? If the true coefficient is constant, any 
difference across methods in the estimated intergenerational effect can only be due to at least 
some of the identification strategies being flawed. Using twins we perhaps find too high 
estimates, because even though identical twins are very similar they are still of somewhat 
different abilities, something that can have a large impact on the estimates using within-twin 
pair variation (as emphasized by Bound and Solon (1999) in a different setting). With regard 
to adoptees, we cannot control for unobserved parental skills which might or might not be 
positively correlated with parental education, and therefore we might a priori expect different 
results for this sample. And our IV estimates are too high/low if the reform has an 
independent positive/negative effect on adult outcomes (and therefore children’s outcomes), 
conditional on parent’s schooling. 
But suppose we have been successful in controlling for such factors, and hence that all 
methods have produced internally consistent causal effect estimates. Even then, the estimated 46 
 
parameters we end up with need not be equal. This is the case if the intergenerational 
coefficient, δ1, varies across groups of individuals in a way that is systematically related to 
characteristics of the sub-sample of individuals contributing to the intergenerational estimate 
for a certain method. Then we cannot say whether different estimates across methods are due 
to flawed identification strategies or whether different strategies estimate effects for different 
individuals. With different strategies, for example, we have estimated parental schooling 
effects on samples of parents and children that are located in different parts of the educational 
distribution. These distributional differences, which were already clear from the descriptive 
statistics reported in Table 2, can be summarized as follows: (i) parents that adopt are more 
likely to be better educated, whereas their adopted children often come from low educated 
households; (ii) parents that are affected by the instruments are predominantly lower 
educated, and so are their children; and (iii) twins and their children are assumed to represent 
the whole educational distribution.  
We therefore in this section turn to these external validity issues, and discuss the 
potential dangers that prevent us from generalizing the estimates to other parents and children 
outside the particular groups of twin parents, parents that adopt and/or parents that were 
affected by the school reform. We first attempt to find samples that are comparable across 
methods. Next, we consider general non-linear effects across the education distribution.    
6.1 Comparable samples 
Twins. Within-twin estimates rely on twins having children and different levels of schooling. 
To the extent that these particular twins are different from the population as a whole largely 
depends on in which way twins are sampled. If, for example, information is gathered from 
twins respondents who volunteer to participate, or from opportunity samples (such as twin 
festivals), twin samples will end up too small and certainly selective. In our study, however, 
we have a 35 percent random sample of all individuals born in Sweden between 1943 and 
1955. To this sample, all biological siblings (including twins) have been matched. This means 
that we work with one of the larger representative twin data sets available. We have also 47 
 
earlier showed that summary statistics and OLS estimates of intergenerational effects are very 
similar for twins and non-twins. We therefore do think that our twin results can be generalized 
to the whole population.
24 
 
Adoptees. Adoptees are different from other children, and in the case of foreign adoptees, 
these differences are often easily observable. Also, adoptive parents are different from other 
parents, in that they usually are better educated and have been selected by adoption agencies 
as suitable parents. With this particular combination of non-native children, often with 
disadvantaged backgrounds, raised by native parents, often with more favourable 
characteristics, it is impossible to come up with a comparable sample of own-birth children 
and their parents.
25 This sample does not exist. Instead we try to find comparable samples of 
either children or parents.  
There are three possible reasons for why intergenerational estimates using adoption 
samples differ from those using samples of non-adoptive families: 1) parents are different, 2) 
parents treat their adopted and own-birth children differently, or 3) children are different. We 
here try to infer whether any of these differences are of importance for the intergenerational 
estimates. We do so by running regressions on samples that are comparable to those of non-
adoptive families in each of these cases. This will tell us something about whether estimates 
for adoptees are to be informative about intergenerational associations between own-birth 
children and their parents. Unfortunately our sample of Swedish-born adoptees is too small, 
so these tests are only performed on the sample of foreign-born adoptees. For adoptees born 
in Sweden, we instead draw on results in BLP. The first two tests take advantage of the fact 
that some parents raise both adopted children and their own biological children, so that both 
types of children are reared in the same environment in these families. We here always 
exclude families with only one child. Results are reported in Table 9. 
                                                                
24 However, there is an issue that twins have lower birth weights than non-twins, and that birth-weight impacts 
adult outcomes (see Black et al., 2007). However, unless the intergenerational coefficient is different for parents 
with different birth weight this will still not be a serious issue for external validity. 
25  We use the concept of own-birth children whenever children are raised by their biological parents. 48 
 
We start by analyzing samples of adoptive and own-birth parents: we compare 
intergenerational OLS estimates between parents and own-birth children in families without 
and with adopted children. The argument is that in the first case, the parents are only own-
birth parents, whereas in the second case they are both adoptive and own-birth parents. 
Similarity indicates that adoptive and non-adoptive parents are comparable. In the first panel 
of Table 9 we find that these estimates are indeed similar and conclude that adoptive parents 
are not different in such a way that it affects the OLS estimate of our intergenerational 
coefficient of interest.  
Next, we test for whether adoptive children are treated differently than non-adopted 
children. This we do by estimating intergenerational associations for a) adoptees with at least 
one adopted sibling, but without any own-birth siblings, and b) adoptees with own-birth 
siblings. One can argue that in the second case, adoptees compete for treatment with own-
birth children, whereas this is not possible in the first case. If we see that the intergenerational 
transmission for adoptees with own-birth siblings is weaker than for other adoptees, we 
conclude that treatment differentials (in favor of biological children) exist. However, the 
results in the second panel of Table 9 indicate that this is not the case. In fact, the estimates 
for adopted children in these families are slightly larger than estimates for the sample of all 
adopted children. Therefore, if there are treatment differentials, it is likely that adoptees are 
treated better than own-birth siblings. 
Having concluded that there is no evidence that our adoption estimates come from 
incomparable samples because adoptive parents are different, or because these parents treat 
their children differently, we are left wondering whether the children themselves differ. We 
believe that this is indeed the case, although we cannot test for this directly. Foreign-born 
adoptees are not comparable to non-adopted Swedish children, in that they have experienced 
early separation from their parents and in that they look different than Swedish children. 
Swedish-born adoptees are in some respects more comparable to non-adopted Swedes, in that 
they look the same and in that they spend the time prior to adoption (both in the womb and as 
infants) in Sweden. When BLP test for unobservable differences between Swedish-born 49 
 
adoptees and own-birth children, using information on families in which at least one child is 




Compulsory schooling reform. Next is the question whether our instrumental variable 
estimates can be generalized to the population as a whole. Our IV approach relies on variation 
in schooling that is generated by those people that are forced to stay in school longer because 
of compulsory schooling reforms. This means that only those individuals at the bottom of the 
educational distribution - perhaps with a distaste for learning - are affected by the reform. For 
those individuals who would have had more schooling anyway, the reform itself exerts no 
influence. Hence, the question is whether the reform-induced intergenerational estimates that 
are derived only from individuals in this group are informative for the intergenerational 
education effect for all individuals. We cannot say anything about the reform-induced 
intergenerational estimate for non-affected individuals. Instead we estimate models for those 
individuals in our twin and adoption samples that belong to the group for which the reform 
instrument has the largest impact. However, we cannot identify how the reform impacted 
individuals directly. Because of the large spill-over effects (as described in section 5.3) we 
also cannot restrict the samples to only those individuals at the bottom of the educational 
distribution. Instead, we make a selection at the municipality level, using only those 
municipalities with a high fraction of individuals with only primary education the last five 
years prior to the implementation of the reform (as in Panel E of Table 8). If twin and 
adoption estimates applied to parents belonging to these sub-samples generate estimates that 
are similar to those for the twin and adoption estimates in the whole sample, we conclude that 
                                                                
26 This test is performed by comparing the estimated intergenerational relationship between biological parents and 
their own-birth children, in families without any adopted children, with the estimate for biological parents and their 
own-birth children, in families with at least one child adopted out from the family. The own-birth children in the 
latter group start their lives under very similar conditions as adoptees do, in that they share similar genes and pre-
childhood experiences with adoptees.  If children who are given up for adoption are similar to other children, one 
should then observe intergenerational effect estimates for own-birth children, in families where children are given 
up for adoption, that are similar to the estimate for all own-birth children. However, this is not the case. Instead, 
BLP find intergenerational education effects for this small group of own-birth children that are smaller than those 
observed for all own-birth children. 50 
 
we can probably generalize our IV findings to the population of all children.  
The results are presented in Table 10, where in the first row we report the twin-, 
adoption- and IV estimates using the full samples.
27 In the second row, we use sub-samples of 
parents growing up in low-skilled municipalities. The first row is, as expected, close to our 
baseline results for twins and adoptees. The results in the second row point in an interesting 
direction, however. For twin mothers growing up in low-educated municipalities, the 
estimated coefficient is higher compared to the effect for all twin mothers. The opposite is 
true for twin fathers in low-educated municipalities, whose coefficient is smaller than for all 
twin fathers, and now similar to the estimate for twin mothers. The results thus point in the 
direction that there is a higher (lower) effect for mothers (fathers) for individuals in these 
municipalities really affected by the reform. This is in line with the discrepancies we have 
found. However, the magnitude of the coefficients in the second row of Table 10 can only 
partly explain the diverging results across methods. For adoptees, estimates are very small and 
similar to what is found for the full sample. Still, we conclude that there is evidence that the 
IV-estimates are not fully generalizable. 
6.2 Non-linear Effects 
An alternative approach to investigating whether our findings differ by identification strategy 
is to investigate the presence of non-linearities in the intergenerational transmission 
mechanism. Table 10, where we applied the twin and adoption methods to a sample of parents 
growing up in low-educated municipalities, already provides us with some evidence on this.  
We would however like to say something about heterogeneity in the intergenerational 
coefficient along the whole education distribution. Our instrumental variable operates at the 
lower end of the education distribution, and adoptive parents tend to be highly educated 
compared to the average. The twin approach, however, is not restrictive in this sense. Our 
twin sample identifies causal effects from variation over the whole distribution of education. 
                                                                
27 The twin and adoption samples used here exclude the last pre-reform cohort to be consistent with our preferred 
IV estimate. The unclear municipalities, for which we could not identify the starting year of the reform, have also 
been excluded from these samples. 51 
 
Therefore, it also provides us with a tool to test for non-linear effects. We do so by including 
a squared term of parent’s education in our regressions. For completeness, we also include a 
squared term of parent’s education in our regressions on the adoptive sample.
28 
Table 11 reports the corresponding OLS and difference results for the twin and 
adoption samples. First, for the twin approach presented in panel A, although the cross-
sectional estimates here indicate that non-linear effects are present, we find no such pattern 
when looking at the twin-difference estimates. For fathers, the coefficient of squared parental 
education is positive but imprecisely estimated and therefore insignificant. Also for mothers, 
the effect is insignificant. In panel B, the results for adoptees do not indicate that non-
linearities are present, apart from one case: the coefficient of squared education for fathers 
and Swedish-born adoptees is positive and statistically significant. Thus, the cross-sectional 
results on the twin sample and the results for fathers of Swedish-born adoptees both support 
the idea of a non-linear convex effect of parental education. This is to say, that the 
intergenerational effect of parental schooling is higher at the higher end of the distribution. 
Because the results including twin fixed effects do not indicate any non-linearities, and 
because most of the squared terms in the adoption regressions come out as insignificant, we 
are unable to conclude that any diverging results between methods are likely to be explained 
by non-linear effects.  
 
Conclusions. In this section we have tried to shed some light on issues related to the external 
validity of our different estimates, given that each set of estimates is identified off a particular 
type of sample or at a particular part of the education distribution. To summarize our 
conclusions, we find that the twin estimates likely can be generalized to the population as a 
whole, but we are more uncertain about the adoption and IV-estimates. Foreign adoptees are 
different from Swedish non-adoptees, and it is really impossible to overcome this feature of 
the data. Turning to the IV strategy, we recognize that IV estimates are identified at the lower 
                                                                
28 Education is on average higher for adoptive parents compared to the random sample of parents, but there is no 
indication that the variation in schooling is lower among these parents (see standard deviations in Table 2), which 
warrants the inclusion of a squared term also here. 52 
 
end of the education distribution, and applying the twin method to those mostly affected by 
the reform do result in somewhat different twin estimates. Regarding functional form, we are 
unable to conclude that any diverging results between methods are likely to be explained by 
non-linear effects. Taken together, our analysis of external validity can partly, but not fully, 
explain the diverging results using different methods, and we next turn to alternative 
mechanisms that may explain our findings.  
7. Mechanisms  
Our next step is to investigate specific mechanisms that may give rise to differential results 
across identification strategies. From the theoretical model in section 3.1, we see that the 
intergenerational schooling coefficient  1 δ  consists of two parts. First, the income return to 
parental education implies that (in a market with credit imperfections) higher educated parents 
invest more in their children’s education, which introduces a positive causal effect of parental 
education on the education of the child. Second, the intergenerational transmission coefficient 
is also driven by a component capturing everything else causally relating parent’s and child’s 
education, but that is unrelated to parental income. One such mechanism is a role model 
effect: the parent may constitute a point of reference for the child, who aims to achieve a 
similar level of education. We examine each of these mechanisms in turn in order to 
understand if they can explain the different results observed across identification strategies. 
 
Income effects.  The income effect in the theoretical model consists of two parts, the effect of 
parental investment in child’s schooling  1 a , and the income return to parental schooling  1
p p . 
For results to be identical across identification strategies, the product of these two income 
effect components would necessarily need to be identical across the different sub-populations 
that give rise to the identifying variation in each of our three samples (holding other 
mechanisms constant). We have already concluded that these sub-populations are different in 53 
 
terms of parental education, and that the incomparability across samples can partly explain 
our findings. Is it possible that heterogeneity with respect to income effects can be the key to 
understanding our diverging results?  
  Perhaps. To test the hypothesis that income effects are driving our results we first 
investigate the returns to parental education, 1
p p , using the three methodologies. We expect 
the twin and IV methods to produce internally valid causal estimates of the returns to 
education: twin fixed effects eliminate ability bias in returns to education, and the IV should 
also in this context serve as a valid instrument. For the sample of adoptive parents, the 
estimated returns to education are likely biased. Parental income is measured using the 
average of annual earnings from the Swedish tax registers in the years 1986, 1990, 1993 and 
1996. The first row of Table 12 presents returns to education for mothers and fathers, using 
the three identification strategies. We find that returns to schooling are very similar for 
mothers and fathers, using twin-fixed effects. However, using the reform as an instrument for 
schooling, we find a positive earnings return for mothers (close in magnitude to what we find 
with twin-fixed effects), but no returns to education for fathers.
29 Interestingly, the latter result 
can explain the absence of an intergenerational education effect estimate for fathers using the 
IV strategy.
30  
  The next step is to investigate the second component of the income effect, 1 a , 
measuring the extent to which parental investment translates into child’s schooling across our 
three samples. In the second panel of Table 12 we present results from regressions of child’s 
schooling on parental income. With twins we find large positive income effects for fathers 
using within-twin variation. With adoptees the income effects are much smaller for both 
parents. These results are therefore in line with our estimates of intergenerational education 
                                                                
29 This result is in line with the findings in Meghir and Palme (2005), who find higher earnings returns from the 
reform for women than for men. However, since they use only two cohorts (1948 and 1953) their estimates are 
much more imprecisely estimated.  
30 Our finding that women experience higher income returns from the reform than men may come as a surprise. 
But recall that the reform had probably the biggest impact on less talented children with a distaste for school work. 
Perhaps, these boys benefited more from learning work related skills on the job than general skills at school. And 
for these girls, the reform prevented teenage motherhood and promoted labor-market entry. Black, Devereux and 
Salvanes (2008), who find that the Norwegian reform as well as changes in compulsory schooling legislation in the 
U.S reduced the incidence of teenage childbearing. We find comparable effects of the Swedish reform. 54 
 
effects, where the twin approach produces large positive effects for fathers, small or no effects 
for mothers, and where the adoption effects generally are small.
31 
To sum up, we find some evidence that imperfections in the Swedish capital market 
lead to underinvestment in schooling. We interpret these imperfections loosely and believe 
that these credit constraints can take various forms including, for example, restricted access to 
high quality neighborhoods. We should emphasize, though, that the parental income effects 
we find are too small to expect much from a general removal of financial constraints.  
 
Role model effects. The causal intergenerational schooling coefficient  1 δ  not only consists of 
the income component described above, but from the theoretical model we also have a 
mechanism  1 q  that represents schooling effects not transmitted through income. This 
mechanism represents a combination of factors, for example relating to parents’ acting as role 
models, parental preferences for education and parental time allocation and efficiency in the 
home learning environment. Many of these plausible channels we are unable to test for, but 
there is some scope to investigate the role model effect. In fact, if we believe that it is the 
highest education level of either the mother or father that sets the standards for children’s 
schooling, and if our samples differ in terms of which parent is the most highly educated, we 
might end up with differential effects for mothers and fathers across methods. For example, 
given that the reform primarily identifies the effect at the lower tail of the education 
distribution, and that we observe positive assortative mating on education, it is a priori likely 
that the mothers who identify the effect of the reform are more highly educated than their 
spouses. Most husbands are somewhat older than their wives but share the same home 
municipality, so among low educated couples women are thus more likely to be affected by 
the reform and therefore better educated than their partners.  
                                                                
31 As a final test to see whether income effects are driving the differences in intergenerational schooling 
coefficients we have also considered including parent’s log income as an additional regressor. Such estimates are 
only informative if intergenerational schooling effects are positive, which is the case for twin fathers and reform 
mothers. Unfortunately, our IV strategy cannot identify income and schooling effects separately, having the reform 
as the single instrument. Our twin strategy can. For twin fathers we find that the intergenerational estimates fall, 
but not by much, when we include his income.  55 
 
To test the role-model hypothesis we add in Table 13 the highest education attained by 
each partner as an additional covariate to the specification with controls for assortative 
mating. Our estimates indicate that role-model effects are not important.  
8. Concluding Remarks and Discussion 
In the introduction we ask ourselves whether we can explain the conflicting results in the 
literature on causal intergenerational education effects. We offer two possible explanations. 
One is that most of these studies rely on different data sources, gathered in different countries 
at different times. The other one is that these studies make use of different identification 
strategies in order to estimate causal effects. In a setting where we have estimated 
intergenerational education effects using three different identification strategies with data sets 
that are as similar as they can be - all are based on Swedish parents born in the same period – 
we conclude first that all three strategies produce causal estimates that are lower than the 
corresponding OLS estimates, which means that the intergenerational transmission of human 
capital is much lower when ability bias is taken into account.  
Second, we must conclude that the choice of identification strategy is responsible for 
the disparities previously observed in the literature. We replicate previous findings for each 
estimation method. The strategy using twin parents gives us positive intergenerational 
schooling coefficients for fathers, but a small or no effect for mothers. These findings are in 
line with the previous twin literature, which has not been able to identify a positive effect for 
mothers. Our results using samples of foreign-born adoptees to identify the causal effect of 
parent’s education on child’s education come out as relatively small compared to the previous 
literature. For Swedish-born adoptees, the estimated intergenerational coefficients are 
somewhat larger. The IV strategy on the other hand, indicates that it is only the mother’s 
education that is important, and that the effect for mothers is relatively large. This finding 
replicates the previous literature that has also found positive effects of mother’s and no effects 
of father’s education using compulsory schooling reforms as an instrumental variable. 56 
 
The studies in the previous literature all aim at estimating causal effects, with the scope 
to draw inference to the population as a whole. We have established that different 
identification strategies lie behind disparate findings in the literature. We consider two 
sources. The first source is that the three methods are not estimating the intergenerational 
coefficient equally well. From our discussion of each identification strategy it should be clear 
that the identifying assumptions do not always hold. In fact, only the IV takes fully into 
account inherited abilities and child-rearing endowments, at least in theory. The second 
source is that effects are heterogenous. This means that each method estimates effects for 
different subpopulations. In case the intergenerational transmission coefficient varies across 
different groups of individuals in a way that is systematically related to characteristics of the 
sub-sample of individuals that contribute to identifying the effect in each particular method, 
we might expect to end up with estimates that differ across methods.  
To address these external validity concerns, we perform a series of tests to shed light on 
whether the estimates of one particular identification strategy can be generalized to the 
population as a whole. We believe that our sample of twins is most representative. We apply 
the twin strategy on low-skilled twins, similar to the reform sample in which the instrument 
has the strongest impact. If these twin estimates are similar to those obtained for the twins in 
the whole sample, we conclude that we can probably generalize our IV findings to the 
population of all children. However, this is only partly true. Also, tests for non-linearities of 
the intergenerational coefficient, obtained by including a squared term of parental education 
in our twin and adoption regressions, do not support the idea of heterogenous effects across 
the parental education distribution.  
As a final exercise to better understand the diverging results, we have investigated the 
underlying mechanisms driving the intergenerational transmission of education. One such 
mechanism operates through income; one of our findings shows that using the reform as an 
instrument to identify returns to education, returns are positive for mothers and zero for 
fathers, which would translate into a larger intergenerational schooling estimate for mothers 
compared to fathers - exactly what we find using the IV strategy. With this result, in 57 
 
combination with others, we are confident to conclude that income is an important mechanism 
explaining our differential findings across methods. 
This study has highlighted many of the common pitfalls in applied econometric 
analysis. Family-fixed effects and instrumental variables are techniques with a widespread 
use, and as such the findings and discussions in this paper should be illustrative also for a 
broader set of applications. By comparing three methodologies we have been able to better 
illustrate and assess the shortcomings of each method, and we have found our causal estimates 
to be sensitive to some of those. This calls for careful sensitivity analysis in future empirical 
work. Nevertheless, from the positive side, and to the merit of the methodologies under 
scrutiny, they all to different degrees reduce ability bias in the intergenerational schooling 
estimate, which we consider an advancement compared to the earlier literature in the field. 
As a final note, we would like to say something on the policy implications. In Sweden 
much money is spent on the educational system, with the idea to generate a school 
environment for children to prosper, independent of parental resources. If better educated 
parents are better in providing an environment that improves the success of children in school 
because of their education, improving the educational achievement of one generation has long 
term consequences; the educational achievement of future generations would then improve as 
well. If, on the other hand, the children’s ability that is responsible for success in school is 
largely inherited, an improved school environment may help the less able children to 
overcome their disadvantages. However, these improvements are only short-lived and 
probably come at greater costs; educational expenses are repeatedly made across generations 
since the ability of future generations remains unequally distributed. Having said this, our 
findings indicate that the intergenerational schooling associations are largely driven by 
inherited abilities and child-rearing talents. Since the impact of parental schooling on child 
schooling is small, we believe that educational expenses in Sweden that aim to improve the 




Appendix A: Identification using samples of MZ and DZ twins without zygosity 
information. 
 
Without measurement error in schooling   
Without information on zygosity, identification of δ1 depends on the share of DZ twins among 
all (same-sex) twin pairs. To illustrate this, let us run a bivariate regression of
c S Δ  on 
p S Δ  
and write down the properties of the corresponding least squares estimator  
11 1 1
cov( , ) cov( , ) ˆ lim
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       ( A 1 )  
Where θ represents the share of DZ twins among all same-sex twin pairs.  It is easy to see that 
with a positive θ identification fails. In samples that do not separate MZ from DZ twins, like 
the sample we use in our study, θ is approximately 0.5.
32 
Under the assumptions that the intergenerational mobility equation is identical for twins and 
siblings, and that treatment differentials between non-twin sibling pairs are the same as 
between DZ twins, we can extend the twins approach and still obtain identification without 
having information on zygosity. To see how it works, let us run a bivariate regression model 
on same-sex siblings. In this case the least square estimator would read as  
11 1 1
cov( , ) cov( , ) ˆ lim








=+ Γ + ϒ ⎢⎥ ΔΔ ⎣⎦
        ( A 2 )  
where the difference compared to equation (A1) is that θ is equal to 1. If we assume that 
dizygotic twins and siblings are drawn from the same distribution, we are able to combine 













TS            ( A 3 )  
which by assumption is a consistent estimate of the association between differences in 
schooling between cousins and their genetically identical twin parents, estimated on a data set 
where it is impossible to distinguish between DZ and MZ twins.  
If we relax the assumption about absent treatment differentials and allow twins to be treated 
more similarly than non-twin brothers and sisters, as argued by Robert Plomin, John DeFries 
                                                                
32We can also estimate θ  according to what is known as Weinberg’s rule. Let  , NN bg bb and  Ngg  be the numbers 
of mixed- and same-sex twins in our sample, and let   pb  and  pg  be the probabilities for having a boy or a girl. 
With these probabilities assumed independent (in case of dizygotic twins), we can derive the share of DZ twins 
among all male and female twin pairs in the following way  
 
22
pN pN bb g gb g
bg pN pN g bb b gg
θθ == . Assuming that the probability of a twin of being a boy or a girl is the same, we get: 
   
22
NN bg bg
bg NN bb gg
θθ == .  For a more extended discussion on Weinberg’s rule we refer to Conley et al. (2003). 59 
 
and Gerald McClearn 1990; Anders Björklund, Markus Jäntti and Gary Solon 2005, our 
estimate in (B3) would underestimate the intergenerational schooling effect for the population 
as whole, assuming that  our sibling estimate is larger than our twin estimate  TW SIB 1 1 ˆ ˆ δ δ > .  
Although identification fails, we can still use our twins results to put meaningful lower 
( TS 1 ˆ δ ) and upper bounds ( TW 1 ˆ δ ) on 1 δ . Allowing for treatment differentials we have to rewrite 













−     
      ( A 4 )  
If λ is smaller than 1, indicating that twins are treated more similar than non-twin siblings, it 
follows that 11 ˆ TD
TS δ δ < . So if the estimate of intergenerational effects is lower using twins 
than siblings, we can bound the derived estimates in (B4) from both below and above. 
 
With measurement error in schooling 
In the case of classical measurement error in schooling, we have that for each twin parent
* pp SSv =+ , where 
p S is observed schooling, 
* p S is true schooling and vis a classical 
measurement error (so that measurement errors are uncorrelated within families and with true 
schooling). In case of classical measurement error, expression (A1) changes to 
**
11 1 1 **
c o v ( ,) c o v ( ,) ˆ lim








⎧⎫ ⎡⎤ ΔΔ ΔΔ ⎪⎪ =+ Γ + ϒ ⎨⎬ ⎢⎥ ΔΔ ⎪⎪ ⎣⎦ ⎩⎭
   (A5) 
where 
TW
S RΔ is the reliability ratio of the twin difference in schooling, the fraction between the 
variance of the true twin difference and the variance of the observed twin difference. Note the 
variance and covariance terms now include true schooling instead of observed schooling.  
The least squares estimator produced from the sibling fixed effects model, as depicted in (A2) 
can now be expressed as 
**
11 1 1 **
c o v ( ,) c o v ( ,) ˆ lim








⎧⎫ ⎡⎤ ΔΔ ΔΔ ⎪⎪ =+ Γ + ϒ ⎨⎬ ⎢⎥ ΔΔ ⎪⎪ ⎣⎦ ⎩⎭
     (A6) 
  where the differences compared to equation (A1) are that θ is equal to 1 and that the 
reliability ratio in sibling-differences in schooling 
SIB
S RΔ is allowed to be different from the 
reliability ratio for twins. If we assume, as before, that dizygotic twins and siblings are drawn 
from the same distribution, we are able to combine (A1) and (A2) and express a new estimate 
of δ1 in terms of  TW 1 ˆ δ ,  1 ˆ
SIB δ , 
TW
S RΔ , 
SIB
S RΔ , and θ as follows  
11
11
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which is a consistent estimate of the association between differences in schooling between 
cousins and their genetically identical twin parents, estimated on a data set where schooling is 
measured with error and where it is impossible to distinguish between DZ and MZ twins. 
The reliability ratios of twin differences in schooling are calculated by 
1
TW TW TW TW
SSS S RR ρρ Δ ⎡⎤ ⎡ ⎤ =− − ⎣⎦ ⎣ ⎦ (Griliches 1979), where 
TW
S R is the cross-sectional reliability 
ratio for schooling for twins, and 
TW
S ρ is the within-family correlation in twins’ schooling. If
0
TW
S ρ = , twin-difference estimates are no more biased than cross-sectional estimates in the 
presence of measurement error in schooling. However, any correlation between twins’ 
schooling will exacerbate measurement error bias. Since schooling usually is highly 
correlated between twins in the same family, bias can be large. A corresponding formula for 
siblings is  1
SIB SIB SIB SIB
SSS S RR ρρ Δ ⎡⎤ ⎡ ⎤ =− − ⎣⎦ ⎣ ⎦ , where 
SIB
S R  is the cross-sectional  reliability ratio 
for siblings’ schooling and 
SIB





S ρ , we estimate from our data set on twins and siblings.  
 
Results 
In Table A we present calculated estimates of intergenerational schooling effects for twins 
where we correct for both the lack of information of DZ and MZ twins and for measurement 
error in parental schooling. Throughout, we focus on the specification without controls for 
spouse’s education and show separate results for mothers and fathers. In the first row we 
present estimates of within-family correlations in schooling of twins and siblings. As 
expected, numbers are higher for twins (0.59) than for siblings (0.43-0.48). In the second row, 
columns 3 and 6, we reproduce the numbers mentioned above, correcting for the fact that our 
data include a mixture of DZ and MZ twins, but assuming no measurement error in parental 
schooling.  
We calculate the cross sectional reliability ratios for twins and siblings by assuming
TW SIB
SSS R RR == , and estimate  S R  from a cross-sectional data set with one survey and one 
register measure of schooling. We then get the following estimates (standard errors) of 
reliability ratios: 0.96 (0.04) for fathers and 0.95 (0.04) for mothers.
 33     
                                                                
33 For this purpose we use the Swedish Level of Living Survey (SLLS) conducted in 1991. This survey data set is 
based on a random sample of individuals and contains a question about the number of years the respondent has 
spent in education. To this data set is then matched register data on education level in 1991, which we code in the 
same way as in this paper, in order to produce a years of schooling registry measure. In order to make the SLLS-
sample as similar as possible to the sample used in this paper we restrict the former sample to those individuals 
born in Sweden in 1943-55 and that have a child that is born before 1980. This leaves us with 322 fathers and 388 
mothers with schooling information from both a survey and register. To get the reliability ratios for the registry 
measure we regress years of schooling based on the survey measure on years of schooling based on the registry 
measure, controlling for birth year indicators. Isacsson (2004) uses an alternative way to derive a reliability ratio 61 
 
In the third row, columns 1-2 and 4-5, we show results for calculated reliability ratios 
for the difference in schooling between twins and siblings, respectively, having assumed a 
cross-sectional reliability ratio of 0.95. The reliability ratios then decrease to 0.88 for twins 
and 0.90-0.91 for siblings. In columns 3 and 6 of the third row, we present the adjusted 
estimates when correcting for measurement error in parental schooling (as well as correcting 
for a mixture of DZ and MZ twins). The estimates (standard errors) are -0.001 (0.065) for 
mothers and 0.120 (0.069) for fathers. Thus, we conclude that had we been able to identify 
and use only MZ twins, and were there no measurement error in the parental schooling 
variable, our analysis would have produced causal intergenerational estimates that are similar 
for fathers, and smaller for mothers, compared to our baseline twin estimates (reported in 




Twin estimates of intergenerational effects of schooling, adjusted for bias due to non-identical twins and 
classical measurement error
 
 Mothers  Fathers 
  (1) (2) (3) (4) (5) (6) 
    
  TW
S RΔ  
SIB
S RΔ   TS 1 ˆ δ  
TW
S RΔ  
SIB
S RΔ   TS 1 ˆ δ  
        
        
S ρ ˆ   0.59  0.48 - 0.59  0.43 - 
        
        













        
        
95 . 0 = S R  
0.88 0.90  -0.001 
(0.065) 
0.88 0.91  0.120 
(0.069)+ 
        
Notes: In all calculations we assume θ=0.5. The between sibling within-family correlations in parental schooling,  S ρ , 
shown in row 1, are estimated as predicted residuals from regressions of parental schooling on birth year indicators 
for each sibling. We use twins and their biological children in column 1 and 4, and full biological siblings (born 
within 2 years of each other) and their biological children in columns 2 and 5. Standard errors are clustered on sibling 
or twin pairs. Standard errors in columns 3 and 6 are calculated (similarly to Conley et al., 2003) by taking the square 
root of   2 2
1
2 2
1 1 ) / 1 )( ) 1 /( )( ˆ ( ) / 1 )( ) 1 /( 1 )( ˆ ( ) ˆ ( SIB
S SIB
TW
S TW TS R V R V V Δ Δ − + − = θ θ δ θ δ δ , where we have assumed that 
0 ) ˆ , ˆ cov( 1 1 = SIB TW δ δ  and  5 . 0 = θ ,  TW
S RΔ and  SIB
S RΔ are constants.  
+ significant at 10%; * significant at 5%; ** significant at 1%. 
 
                                                                                                                                                        
estimate for a sample of twins born 1926-1958. He estimates a reliability ratio of 0.88. However, for several 
reasons do we believe that a reliability ratio for schooling of 0.88 is too low. First, Isacsson uses a sample with 
individuals also born during the 1920s and 1930s. The length of schooling during this time is more difficult to 
quantify and was often shorter than 7 years, even though there is only one level for 7 years and below. Second, 
Isacsson also finds evidence of non-classical measurement error, which here would lead to a smaller downward 
bias caused by measurement error.  62 
 
Appendix B: Description of the institutions of adoptions and of the compulsory 
schooling reform in Sweden 
The institutions of adoptions. We here briefly describe the development of Swedish and 
foreign adoptions during the 1960s and 70s, and the adoption process during this time. We 
draw on Frank Lindblad (2004) and Björklund, Lindahl and Plug (2004) (as well as references 
therein), which we also refer to for a more thorough discussion of these issues.  
  Sweden is one of the countries in the world with the highest number of adopted 
children per number of births. Before and up to the mid 1960s, children adopted by Swedish 
parents were mostly children born in Sweden. From the mid 1960s onwards, the number of 
unwanted Swedish births decreased rapidly. The reasons for this change were an increase in 
social welfare, easier access to contraceptives, and less strict abortion laws. Later, it has also 
become more common to place children with special needs in foster homes, instead of giving 
them up for adoption. All these issues have contributed to a large decrease in the supply of 
Swedish-born babies that are available for adoption. Instead, there was an increase during the 
1960s in the number of foreign-born babies adopted into Swedish families. At the end of the 
1960s the number of foreign-born adoptees started to reach about 1000 children per year. A 
top was reached from the mid 1970s to the early 1980s when 1500-2000 foreign-born children 
were adopted per year. This was almost 2 percent of all births in Sweden at that time. The 
birth places of the adopted children have differed over time. At the end of the 1960s, most 
children that were adopted came from Europe, whereas Asia since then has been the all 
dominant supplier of babies to be adopted in Sweden. The dominating countries during the 
1970s and 1980s have been South Korea, India, Sri Lanka and Colombia. In the early 20
th 
century, the country supplying the most adoptees is China.     
  During the 1960s and 1970s, the adoption process regarding Swedish-born adoptees 
was organized in the following way: Couples wishing to adopt as well as (typically still 
pregnant) mothers wanting to give up her child for adoption, should contact a specific social 
authority responsible for the adoption process. The formal agreement by the biological mother 
to give up the child for adoption should not be made until after the mother had recovered from 
the delivery. Initially the child was placed in a nursery home. The social authority then started 
to work on finding a suitable family among the pool of interested couples. Typically the 
placement in this family was made when the child was still very young, before 6-8 months of 
age. After a trial period, an application to the court about legal adoption was made.  
It is clear that among the biological mothers giving up their children for adoption, those 
who were younger and from lower social classes were overrepresented. With regard to the 
children, adoption was not to take place if the child had a poor mental or physical health and 
if those conditions were deemed hereditary. A careful investigation (including interviews) of 63 
 
the adoptive parents was made. This was done in order to judge whether the couple was 
suitable as parents and if they had good and stable economic conditions. It was also important 
for adoptive parents to be tolerant, in case the child would not meet the expectations of the 
parent. The parents should be at least 25 years of age and not older than that they could have 
been the biological parents of the child. Newly married couples rarely featured as adoptive 
parents. During the 1960s, families where the mother could stay home and take care of the 
child the first couple of years were to be given priority for adoptions. In revised guidelines in 
1969, affecting adoptions of Swedish babies in the 1970s, the attitude towards working 
adoptive mothers appeared to have been more positive as there was no mention of such 
requirements.   
Matching of children to adoptive parents on some characteristics was possible since the 
responsible social worker did have quite a lot of information about the biological mother (and 
sometimes father). There appears, however, to have been little information available for the 
adoptive parents about the biological mother, and no information travelling in the opposite 
direction. The adoption guidelines for adoptions taking place in the 1960s somewhat stretched 
a need for some matching (such as there not being a too large gap in talents and that physical 
attributes such as height and hair colour should be similar), more than the guidelines for 
adoptions in the 1970s. It also appears that adoptions made by relatives to a biological mother 
were very rare during the 1960s.      
A couple wishing to adopt a foreign-born baby first has to apply to a social authority in 
their home municipality. They are then contacted by a social authority office, which will start 
an investigation about the couple’s suitability as parents (by judging their living conditions 
and their understanding of children and their needs). Based on the results in this investigation, 
the social authority would make a decision of whether or not the couple was allowed to adopt. 
If the answer is affirmative, the investigation is sent to an adoption agency. This agency then 
presents the couple with a suggestion of a specific child, which they may or may not choose 
to adopt. The parents then travel to the country of the adoptee and bring the child home. Back 
in Sweden, it then may take some time for the child to be formally adopted. The latter means 
that one benefit of our data is to have information on immigration date, since by this one can 
more closely measure the “real” age of adoption of the child.
  
Description of the compulsory schooling reform.
34 In the 1950s and 1960s, an educational 
reform extended compulsory education in Sweden from seven (or in some cases eight) to nine 
years. Prior to the reform, high-ability pupils had the option of attending the junior-secondary 
school (realskola), starting either in 5th or 7th grade. Completing junior-secondary school 
                                                                
34 For a more thorough description of the reform, see Helena Holmlund (2007a). 64 
 
implied a total of nine or ten years of education. Pupils who did not make it to junior-
secondary school remained throughout 7th grade in the basic comprehensive school 
(folkskola), and thus completed the minimum educational requirement of seven years. The 
reform introduced a new comprehensive school, which kept all pupils together in one 
common school through 9th grade. The educational reform is thoroughly described in the 
National Board of Education (1960) and Marklund (1980, 1981). In the following, we build 
on those sources to provide a brief overview of the reform. 
The reform was introduced in an effort to increase equality of opportunity, but also to 
meet the increasing demand for junior-secondary school among the baby boom cohorts of the 
1940s. To evaluate the appropriateness and whether the proposed nine year comprehensive 
school would serve its purpose, in 1950 the Swedish parliament approved of the idea of an 
experimental period at the outset of the reform. The experimental design was set up such that 
gradually, some municipalities would implement the new school system, and the results 
would be scrutinized before further decisions were made. 
The experiment came to start in 1949/1950, and the first cohort affected was the cohort 
born in 1938. The experiment, administered by the National Board of Education, was to start 
throughout a whole municipality, or in certain schools within a municipality. A number of 
municipalities had declared their interest in reforming their comprehensive schools. For this 
reason, 264 municipalities (out of around 1,000) were asked if they were willing to introduce 
the nine year school immediately or within a few years. The municipalities that were 
approached had either shown interest in the reform or expanded their junior secondary school 
to four years. 144 municipalities reported their interest in the reform implementation. 14 
municipalities were selected for the first year of the experiment (1949/50), all of those were 
required to have an eight year comprehensive school already. 
The following years, the National Board of Education continued with the 
implementation of the reform. Municipalities that wanted to take part in the reform were 
asked to report on their population growth, on the local demand for education, tax revenues 
and local school situation. For example, the availability of teachers, the number of required 
teachers for the nine year comprehensive school, and the available school premises were 
explored. The National Board of Education took these municipality characteristics into 
account when deciding on their participation. In general, implementation of the reform started 
in grades 1 and 5, the following year covering grades 1, 2, 5 and 6 and so on. From 1958 the 
reform was in general introduced in grades 1-5 already from the starting year. 
In 1962, the Swedish parliament came to a decision to permanently introduce the nine 
year comprehensive school. At this time, the experimental period was over, and municipalities 
were obliged to introduce the new compulsory school by 1969. 65 
 
Appendix C: Estimation of pre-reform trends 
We here estimate regressions of parent’s and children’s schooling on the reform (the reduced 
forms), allowing the reform effect to differ for the first birth-cohort that is affected, the 
cohorts that are 1, 2 and 3 years too old to have been affected and for the cohorts where the 
reform already has been in effect in 1, 2, 3 or more years. Hence, we allow for reform-
dynamics both before and after the reform was implemented. If any pre-reform schooling 
trends are uncorrelated with reform implementation, we expect the indicators for cohorts that 
are too old to be affected to have no impact. We show estimates for parent’s schooling in 
columns 1-4 and children’s schooling in columns 5-8 of Table C. The estimations always 
includes cohort and municipality fixed effects, and municipality fixed effects interacted with a 
linear trend in columns 2, 4, 6 and 8. In panel A, we first show reduced form estimates 
assuming a constant reform effect and no impact of the reform for pre-reform cohorts. These 
are the estimates underlying the IV estimates in row 2 of panel A, Table 7.  
We now turn to less restrictive reduced form estimations, with resulting estimates 
reported in panel B. For mothers, we find large effects of 0.12-0.17 for the cohort one year too 
old to have been affected by the reform, on own schooling. These estimates are not as big as 
the reform-estimates for the first cohort with reform-school, but statistically different from 
zero. For mothers there is also an impact of the reform on children’s schooling for the last 
cohort without the reform school. These estimates are similar to the estimates for the first 
cohort with the reform in place. Hence it is clear that there is a large impact of the reform on 
schooling the year prior to the introduction of the reform. This is evidence of that the key 
assumption in difference-in-differences models, that treated and non-treated units experience 
parallel trends, is violated for mothers. The reasons for these pre-reform effects could be 
because of some measurement error in the coding of the reform, because grade repeaters are 
likely to be miss-classified since we assign individuals to the reform based on their year of 
birth, or due to anticipatory behaviour in part of schools in municipalities that were yet to 
introduce the reform, but were expected to do so in the near future. We report p-values that 
test whether the three pre-reform dummies are statistically significant from zero, and for 
mothers they always are for own schooling.  
These results show that the specification that controls for both municipality indicators 
and municipality-specific trends probably is preferred. For fathers, there is no evidence of a 
reform effect for pre-reform years. Regarding post-reform dynamics we see that, in the fixed-
effect specifications, the reform effect fades away with time. When we control for trends, the 
estimates are more stable for these birth-cohorts.
 35 
                                                                
35 Note that the reference cohorts are those passing through the education system four or more years prior to the 
reform. Results are very similar if we perform estimations on the extended sample of cohorts born 1934-1955. 
Hence, results in the table are not sensitive to the lack of pre-program periods for the early reform cohorts.   66 
 
Table C 
The presence of pre-reform trends in first stage estimations: Parent’s born 1943-1955 
 
  Dependent variable 
  Parent’s years of schooling  Children’s years of schooling 
        
 Mothers  Fathers  Mothers  Fathers 









































          
  B. Allowing for reform dynamics before and after reform implementation 
 






























































































































          
Adjusted  R-squared  0.299 0.325 0.380 0.408 0.214 0.225 0.222 0.232 
p-value: lags=0 (γ-2=γ-1=γ0)  0.003 0.000 0.313 0.250 0.221 0.077 0.254 0.280 
p-value: leads identical (γ1=γ2=γ3=γ4+)  0.086 0.452 0.041 0.088 0.235 0.847 0.292 0.975 
          
Additional  controls          
Municipality-fixed  effects  Yes Yes Yes Yes Yes Yes Yes Yes 
Municipality*  time  No Yes No Yes No Yes No Yes 
          
Notes: All columns include controls for gender of child and parent’s year of birth. Standard errors are clustered on municipality. + significant at 10%; * significant at 5%; ** 
significant at 1%. 67 
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Table 1 
Causal estimates of intergenerational effects of schooling – Summary of previous literature 
              





    OLS  estimates  Difference  estimates 








  A. Twin/Sibling studies          





a, 1994: 244 twin 
fathers and 424 twin 
mothers; average birth year 





































MTR, 1994: 92 twin fathers 
and 180 twin mothers; 
sample restricted to 
children of 18 and older, 



























           
  
 
B. Adoption studies 
  OLS estimates using own-
birth children 
OLS estimates using 
adopted children 




NCDS, 1991: 4030 own 
birth children and 41 
adopted children. Birth 








              
Sacerdote 
(2000) 
NLSY, 1979: 5614 own 
birth and 170 adopted 
children. Average birth 























              
Plug (2004)  WLS, 1992: 15871 own 
birth and 610 adopted 
children. Birth year 
mother: 1940, average birth 
year adopted and birth 































              
Sacerdote 
(2007) 
HICS, 2003: 1051 own 
birth and 1256 adopted 
children from Korea. 
Average birth year adopted 





















SAR, 1999: 148496 own 
birth and 7498 adopted 
children all born in 
Sweden; average birth year 
adotive mother; 1934; 




































SAR, 1999: 94079 own 
birth and 2125 adopted 
children all born in 
Sweden; average birth year 
mother: 1932; average birth 




































Table 1, continued 
              





      OLS estimates  IV estimates 








  C. IV studies          







1965-75; birth year parent: 
1947-58; instrument MSLA 



































            
Chevalier 
(2004) 
BFRS 1994-2002: 12593 
children aged 16-18 living 
at home; birth year parent: 
1938-67; instrument MSLA 


























IPUMS 1960-80: 711072 
children aged 7-15 living at 
home; average birth year 
father and child: 1920-40 
and 1950-70; instrument: 











































FLFS 1990-2001: 5087 
children aged 15 and living 
at home; birth year father 
1946-52; instrument: 
















NLSY, 1979: 1958 white 
children aged 12-14; 
instruments: local tuition 










a Abbreviations: MTR –  Minnesota Twin Registry; SAR – Swedish Administrative Records; NCDS – National Child 
Development Survey; NLSY - National Longitudinal Survey of Youth; WLS – Wisconsin Longitudinal Study; HICS – Holt 
International Children’s Service; NAR – Norweigan Administrative Records; BFRS – British Family Resources Survey; 
IPUMS – Integrated Public Microdata Series; FLFS – French Labor Force Survey; MLSA - Minimum School Leaving Age. 
b Standard errors in italics; ** significant at 1% level; * significant at 5% level. Each coefficient is from a separate regression 
of the child’s outcome on parent’s years of schooling. Most regressions include individual controls for the child’s age and 
gender and parent’s age. 
c These coefficients come from regressions that include the years of schooling of both parents simultaneously. Resulting 
estimates take into account the intergenerational effect of the marriage partner. 
d We are grateful to Bruce Sacerdote for running this specification – which was not included in his paper – especially for us. 
e These coefficients come from a restricted sample of parents with less than 10(12) years of schooling in Norway(The United 
States). 
f These coefficients come from probit regressions. 
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Table 2 
Descriptive statistics, 1943-1955 cohorts 
Means (standard deviations)     










            
  Mothers Fathers Mothers Fathers Mothers Fathers Mothers Fathers Reform  No  reform 
Variable  (1)   (2)   (3)   (4)   (5)   (6)   (7)   (8)   (9)   (10)  
            
Parent’s  schooling  11.28  11.27  10.83  10.99 12.28 12.30 11.23 11.20 11.66 11.02 
  (2.52) (2.81) (2.52) (2.82) (2.56) (2.91) (2.53) (2.85) (2.22) (2.84) 
            
Spouse’s  schooling  11.04 11.42 10.74 11.37 12.10 12.39 10.98 11.39 11.46 11.03 
  (2.92) (2.42) (2.88) (2.36) (3.00) (2.53) (2.93) (2.43) (2.48) (2.82) 
            
Child’s  schooling  12.76 12.86 12.78 12.89 12.46 12.43 12.76 12.86 12.79 12.81 
  (2.06) (2.01) (2.05) (1.96) (1.92) (1.89) (2.05) (2.01) (1.95) (2.07) 
            
Parent’s year of birth  1948.19  1947.72  1947.75  1947.43 1947.04 1946.49 1948.25 1947.76 1951.27 1946.58 
  (3.55) (3.41) (3.40) (3.26) (3.04) (2.79) (3.57) (3.43) (2.71) (2.80) 
            
Spouse’s year of birth  1945.58  1949.61  1945.14  1949.45 1944.85 1947.46 1945.60 1949.67 1950.24 1946.14 
  (4.87) (4.27) (4.67) (4.09) (4.00) (3.49) (4.89) (4.29) (4.49) (4.77) 
            
Child’s year of birth  1973.96  1975.52  1973.76  1975.34 1977.95 1978.53  1974.0  1975.56 1977.18 1973.57 
  (5.23) (4.78) (5.19) (4.63) (3.54) (3.31) (5.23) (4.78) (4.14) (5.09) 
             
Child’s  age  at  adoption        1.08  1.07       
        (1.33)  (1.33)      
               
Reform              0.33 0.29 1.00 0.00 
             (0.47)  (0.45)  (0)  (0) 
Observations 336,083  269,648  5,886  4,061  10,107  8,020  297,288 238,161 165,999 369,450 
Notes: All samples include parents born in Sweden in 1943-55, whereas spouses can be born in any year. Both parents have to be married or cohabiting and have at least one 
child born no later than 1983. The adoptee sample includes both Swedish and foreign-born adoptees. Child’s age of adoption is missing for Swedish-born adoptees. The twin 
sample includes only same-sex twins who each have at least one child born no later than 1983. The IV sample includes are all those in the random sample who at the age of 10-





OLS estimates of intergenerational effects of schooling on the random sample 
Dependent variable: Child’s years of schooling 
    
 Mothers  Fathers 
 (1)  (2) 
    
 A.  Baseline  specification 
    
Parent’s  schooling  0.282  0.233 
 (0.002)**  (0.001)** 
    
R-squared
  0.13 0.12 
    
  B. Controlling for education of the spouse 
    
Parent’s  schooling  0.198  0.152 
 (0.002)**  (0.002)** 
    
R-squared
  0.17 0.17 
    
    
  C. Non-linear effects of schooling 
    
Parent’s schooling  -0.041  -0.077 
 (0.012)**  (0.011)** 
    
Parent’s schooling squared 0.014  0.014 
 (0.001)**  (0.000)** 
    
R-squared
  0.14 0.13 
    
    
Observations 336,083  269,648 
Notes: Estimates on a 35 percent random sample of cohorts born in Sweden in 
1943-1955. Controls: gender of child, parent’s year of birth. The second panel also 
controls for spouse’s years of schooling and year of birth. Standard errors are 
































Twin and sibling estimates of intergenerational effects of schooling 
Dependent variable: Child’s years of schooling 
    
 Mothers  Fathers 
  (1) (2) (3)  (4) 
  
 A.  Twins 
   












R-squared  0.12 0.47 0.12  0.47 
       
 












R-squared  0.16 0.48 0.16  0.48 
       
Observations  5,886 5,886 4,061  4,061 
   
 B.  Siblings 
   












R-squared  0.13 0.46 0.12  0.47 
       
 












R-squared  0.17 0.47 0.16  0.49 
       
Observations  249,381 249,381 190,377  190,377 
       
  C. Closely spaced siblings 
       












R-squared  0.14 0.47 0.12  0.46 
       
 












R-squared  0.14 0.48 0.16  0.48 
       
Observations  34,387 34,387 25,484  25,484 
       
Controls:       
Family-fixed effects  No Yes No  Yes 
       
Notes: In panel A we use same-sex twins and their biological children. In panel B we use all same-sex non-twin siblings and 
their biological children. In panel C we use same-sex closely spaced non-twin siblings and their biological children. Closely 
spaced means that the siblings are born within 2 years of each other. All twins and siblings are full biological siblings. Note that 
the spouses might not be the biological parent of the child (although in most cases they are). Controls: gender of child, parent’s 
year of birth. The second row of each panel also controls for spouse’s years of schooling and year of birth. Standard errors are 







Table 5  
OLS estimates of intergenerational effects of schooling – Adopted children 
Dependent variable: Child’s years of schooling 
 
 Mothers  Fathers 











          
  A. The full sample – without control variables 


















R-squared  0.06  0.03  0.02 0.05 0.04 0.03 
          
 
















R-squared  0.10  0.04  0.05 0.10 0.04 0.06 
          
          
Observations  896  9,211  1,896 618 7,402  1,336 
          
   
  B. The restricted sample – with control variables 


















R-squared  0.13  0.07  0.05 0.13 0.08 0.05 
          
 
















R-squared  0.21  0.08  0.08 0.20 0.09   
          
          
Observations  470  4,690  793  194 3,793 577 
          
Notes: The sample is based on adoptive parents born 1943-1955, the other adoptive parent (the spouse) can be born anytime. 
We have restricted the samples so that both parents are born in Sweden. In the first panel there are no restrictions on adoption 
age, although all children are required to live with their adoptive parent before they turn 10. We put some restrictions on 
adoptive parents’ age at the birth of the adoptive children: We require the adoptive mother to be between 25-45 years of age, 
and the father to be between 25-55 years of age. In the second panel we restrict the age of adoption for foreign (incl. Korean) 
adoptees so that children are no older than 6 months of age when adopted. 
Controls: gender of child, parent’s year of birth. In the second row of each panel, controls for spouse’s years of schooling and 
year of birth are also controlled for. Country/region-of-birth of child and logarithm of GDP per capita of country-of-birth of 
child in are controlled for in panel B, columns 2, 3, 5 and 6. The latter variable is missing for 135 observations, which is still 
included in the regressions (by controlling for a missing indicator). The region-country division is 1) Africa, 2) Asia, East, 3) 
Asia, Middle East, 4) Asia, South 5) Eastern Europe, 6) South- and Latin America including the Pacific, 7) Western Europe 
and North America, 8) Chile, 9) Colombia, 10) Ecuador, 11) Ethiopia, 12) India, 13) Indonesia, 14) Iran, 15) Peru, 16) South 
Korea, 17) Sri Lanka, 18) Thailand, and 19) Unknown. We also control for age of adoption in panel B, columns 2, 3, 5 and 6. 
In panel B, columns 1 and 4 we control for biological parent’s schooling and biological parent’s age by inclusion of age and 
age squared variables. Standard errors are clustered on adoptive parents (since in some cases parents adopt more than one 
child). + significant at 10%; * significant at 5%; ** significant at 1%. 
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Table 6 
Tests of random assignment of adoptees to adoptive families
 
 Explanatory  variable 
















       
  A. Swedish-born adoptees 
       










(n=470,  325)       
       










(n=287,  194)       
       










(n=533,  368)       
       










(n=896,  618)       
       
  B. Foreign-born adoptees 
       










(n=9211,  7402)       
       










(n=9211,  7402)       
       










(n=9076, 7309)         
        
  C. Korean-born adoptees 
        










(n=1896, 1336)         
        










(n=1896,  1336)       
       
Notes: Standard errors in parenthesis. + significant at 10%; * significant at 5%; ** significant at 1%. Number of 
















IV estimates of intergenerational schooling effects
    
 Mothers  Fathers 
  (1) (2) (3) (4) (5) (6) 
        
 A.  Baseline  specification 
         
  OLS (dependent variable is child’s schooling) 
 












Adjusted R-squared  0.270  0.329 0.333 0.255 0.315 0.320 
         
 
















Adjusted R-squared  0.097  0.297 0.324 0.070 0.379 0.408 
F-statistic on reform  140  48  92  165  24  91 
        
 
IV estimates (dependent variable is child’s schooling) 
 














        
Observations 297,288  297,288  297,288 238,161 238,161 238,161 
        
        
  B. Excluding last pre-reform cohort 
   
  OLS (dependent variable is child’s schooling) 
 














Adjusted R-squared  0.272  0.330 0.334 0.256 0.317 0.322 
        
 
















Adjusted R-squared  0.107  0.300 0.328 0.078 0.383 0.414 
F-statistic on reform  147  77  126  157  25  83 
        
 
IV estimates (dependent variable is child’s schooling) 
 














        
Observations 276,346  276,346  276,346 221,637 221,637 221,637 
        
        
C o n t r o l s :         
Municipality-fixed effects  No Yes Yes No Yes Yes 
Municipality  *  time  No No Yes No No Yes 
        
Notes: All columns include controls for gender of child and parent’s year of birth. Note that the R-squared is from regressions 
using observations aggregated on municipality- year units, whereas the number of observations is the number individuals used 









IV estimations of intergenerational schooling effects: alternative specifications and samples 
 
 Mothers  Fathers 
  (1) (2) (3) (4) (5) (6) 
        
 
A. Baseline specification, excluding last pre-reform cohort, controlling for 
grand-parent’s education 
        




IV estimates (dependent variable is child’s schooling) 
 














        
Observations 276,346  276,346  276,346 221,637 221,637 221,637 
        
 
B. Baseline specification, allowing for pre- and post reform dynamics in the 
first stage estimations 
        




IV estimates (dependent variable is child’s schooling) 
 














        
Observations 297,288  297,288  297,288 238,161 238,161 238,161 
        
 
C. Specification excluding last pre-reform cohort, controlling for spouse’s 
schooling, treating spouse’s schooling as endogeneous 
        




IV estimates (dependent variable is child’s schooling) 
 














        
Observations 276,346  276,346  276,346 221,637 221,637 221,637 
        
C o n t r o l s :         
Municipality-fixed effects  No Yes Yes No Yes Yes 
Municipality*trend No  No Yes No No Yes 
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Table 8, continued
 
 Mothers  Fathers 
  (1) (2) (3) (4) (5) (6) 
        
 
D. Specifications excluding last pre-reform cohort on sample where parent’s 
education <=9 
        
 
















F-statistic on reform  2,412  623  585  3,928  925  795 
 
 
IV estimates (dependent variable is child’s schooling) 
 














        
Observations 66,349  66,349  66,349 63,755 63,755 63,755 
        
 




















F-statistic  on  reform    262 171 128 399 187 130 
 
 
IV estimates (dependent variable is child’s schooling) 
 














        
Observations 107,901  107,901  107,901  88,072 88,072 88,072 
        
C o n t r o l s :         
Municipality-fixed effects  No Yes Yes No Yes Yes 
Municipality*trend No  No Yes No No Yes 
        
Notes: All columns include controls for gender of child and parent’s year of birth. The family background controls in regressions 
in panel A are two indicators for whether grandmother’s/grandfather’s education is above compulsory level (and two indicators 
for the case of missing) and grandmother’s/grandfather’s years of education. Low-skilled municipalities are defined as 
municipalities where at least 20 percent of individuals have at most 7 years of schooling the five cohorts prior to reform is 



















Tests of external validity of adoption estimates using alternative samples 






    
  A. Own-birth children 
(1) Not raised with adopted siblings (N=249381,190377; 






    
(2) Raised with adopted siblings  






    
    
 B.  Adopted  children 
(3) Not raised with biological siblings (N=4472,3472; 






    
(4) Raised with biological siblings (N=2723,2358; families 





    
    
Notes: Standard errors are shown in parentheses; * indicates significance at 5% level, and ** at 1% level. All 
specifications include controls for the child’s gender, and birth cohort dummies for biological/adoptive 
father/mother. Sample sizes are shown in parentheses (N=mothers, fathers; type of families used). 81 
Table 10 
Intergenerational schooling estimates using alternative samples: Tests of external validity of IV-estimates 
Dependent variable: Child’s years of schooling 
          
  Mothers Fathers
  (1)  (2)  (3) (4) (5)  (6) 
 Twins  Adoptees  IV  Twins  Adoptees  IV 
           
  A. Specifications excluding last pre-reform cohort 
           














           
Observations 4,840  7,579  276,346 3,247  7,579  221,637 
           
  B. Specifications excluding last pre-reform cohort using the samples from low-skilled municipalities 
           














           
Observations 2,145  2,727  107,901 1,358  2,241 88,072 
           
           
Notes: Each cell show an estimate from a separate regression. + significant at 10%; * significant at 5%; ** significant at 1%. 
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Table 11 
Twin and adoption estimates of intergenerational effects of schooling – Non-linear effects 
Dependent variable: Child’s years of schooling 
    
 Mothers  Fathers 
  (1) (2) (3)  (4) 
  
 A.  Twins 














       










       
R-squared  0.12 0.47 0.13  0.47 
       
Observations  5,886 5,886 4,061  4,061 
       
Controls       
Family-fixed effects  No Yes No  Yes 
   
  B. Adoptees 
            



















            














            
R-squared 0.06  0.03  0.02  0.06  0.04  0.03 
            
Observations 896  9,211  1,896  618  7,402  1,336 
            
            
Notes: In panel A we use twins and their biological children. In panel B we use adoptive parents and their adopted children. 
Controls: gender of child, parent’s year of birth. Standard errors are clustered on twin pairs in panel A and on adoptive parent in 




















Income as a mechanism explaining the intergenerational transmission of schooling 
Dependent variable: Child’s years of schooling 
      
 Mothers    Fathers 
         
























            
  A. Parent’s returns to schooling  
 




















             
             
  B. The impact of parent’s log income on child’s schooling 




















             
Observations 5,795  5,795  8,087  271,790  271,790 4,054  4,054  6,576 220,946  220,946 
             
             
Controls:             
Family-fixed effects  No Yes No No No No Yes No No  No 
Municipality-fixed effects  No  No No No Yes No No No No  Yes 
Municipality*trend No  No  No  No Yes No No No No  Yes 
Notes: All columns include controls for gender of child and parent’s year of birth. Each estimate is from a separate regression.  










Role models as a mechanism explaining the intergenerational transmission of schooling 
Dependent variable: Child’s years of schooling 
      
  Mothers Fathers 
         



























            
            

















            
















            
            
Observations 5,886  5,886  9,211  276,346  --  4,061 4,061 7,402  221,637  -- 
            
            
C o n t r o l s             
Family-fixed effects  No  Yes  No No    No Yes No No   
Municipality-fixed effects  No  No No No    No No No No   
Municipality*trend  No No No No    No No No No   
Notes: All columns include controls for gender of child, parent’s year of birth, spouse education and spouse year of birth. The estimates in each column are from one regression.   
+ significant at 10%; * significant at 5%; ** significant at 1%. 
 
 